Electricity and Carbon Derivatives by Zafeiriou, Nikolaos
	  	  
	  
Electricity	  and	  Carbon	  
Derivatives	  
	  
Zafeiriou	  Nikolaos	  SID:	  3302120033	   	  	  SCHOOL	  OF	  SCIENCE	  &	  TECHNOLOGY	  A	  thesis	  submitted	  for	  the	  degree	  of	  	  
Master	  of	  Science	  (MSc)	  in	  Energy	  Systems	  	  	   Supervisor:	  Dr.	  Dimitris	  Psychoyios	  	  	  	   	  	  	  NOVEMBER	  2013	  THESSALONIKI	  –	  GREECE	  	  	  	  
	   2	  
Table	  of	  Contents	  
1.Introduction	  ....................................................................................................................	  3	  
2.Literature	  Review	  ..........................................................................................................	  6	  
3.Methodology	  ..................................................................................................................	  14	  3.1	  Empirical	  Models	  .....................................................................................................................................	  15	  
3.1.1	  Geometric	  Brownian	  Motion(GBMP)	  ...........................................................................................	  15	  
3.1.2	  Mean	  Reverting	  Gaussian	  Process	  (MRGP)	  ...............................................................................	  17	  
3.1.3	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRP)	  ......................................................................	  20	  3.2	  Information	  Criteria	  and	  Statistical	  Modeling	  .............................................................................	  24	  
3.2.1	  Log	  Likelihood	  ........................................................................................................................................	  24	  
3.2.2	  Bayesian	  Information	  Criterion	  .....................................................................................................	  27	  3.3	  Pricing	  formulas	  for	  electricity	  CSS	  and	  CDS	  options	  ..............................................................	  28	  3.4	  Data	  Description	  .......................................................................................................................................	  30	  
3.4.1	  Uk	  Dark	  Spread	  PDGBM1	  index	  ......................................................................................................	  31	  
3.4.2	  Uk	  Spark	  Spread	  PSGBM1	  index	  .....................................................................................................	  32	  
3.4.3	  German	  Spark	  Spread	  PDGYM1	  index	  .........................................................................................	  33	  
3.4.4	  Germany	  Spark	  Spread	  PSGYM1	  index	  ........................................................................................	  34	  
4.Empirical	  Analysis	  .......................................................................................................	  36	  4.1	  Descriptive	  Statistics	  ..............................................................................................................................	  36	  4.2	  Model	  Parameter	  Estimates	  ................................................................................................................	  36	  
4.2.1	  UK	  Clean	  Dark	  Spread	  ........................................................................................................................	  37	  
4.2.2	  UK	  Clean	  Spark	  Spread	  ......................................................................................................................	  37	  
4.2.3	  Germany	  Clean	  Dark	  Spread	  ............................................................................................................	  39	  
4.2.4	  Germany	  Clean	  Spark	  Spread	  ..........................................................................................................	  40	  
5.Discussion	  and	  concluding	  Remarks	  ....................................................................	  41	  5.1	  Discussing	  on	  the	  empirical	  results	  .................................................................................................	  41	  5.2	  A	  Call	  Option	  written	  on	  the	  Uk	  Clean	  Spark	  spread	  ................................................................	  42	  
6.Appendix	  ........................................................................................................................	  45	  6.1	  The	  non	  Central	  Chi-­‐Square	  Distribution	  ......................................................................................	  45	  6.2	  Poisson	  Distribution	  ...............................................................................................................................	  45	  6.3	  Wiener	  Process	  .........................................................................................................................................	  46	  
References	  .........................................................................................................................	  47	  	  
	  	  	  	  
	   3	  
1.Introduction	  	   The	  last	  two	  decades	  a	  common	  trend	  was	  observed	  among	  the	  electricity	  markets.	  In	  a	  global	  scale	  the	  power	  sector	  in	  the	  majority	  of	  the	  economies	  was	  subjected	  to	  massive	  changes	  in	  the	  governing	  regulatory	  framework	  and	  many	  economies	   have	   proceeded	   to	   the	   liberization	   of	   their	   electricity	   production	  industry.	  Consequently	  the	  market	  shifted	  to	  a	  highly	  competitive	  sector	  exhibiting	  high	  levels	  of	  risk	  and	  uncertainty.	  In	  this	  environment,	  the	  market	  participants	  found	  themselves,	  exposed	  to	  the	  volatility	  of	  the	  newborn	  liberalized	  electricity	  market.	   These	   advancements	   in	   the	   energy	   regulatory	   framework,	   made	  investments	  in	  the	  sector	  a	  lot	  riskier	  and	  therefore	  power	  generators	  demanded	  for	  higher	  returns	  and	  risk	  mitigation	  tools	  for	  their	  investments.	  Hence	  the	  need	  for	   the	   investors,	   to	   trade	   or	   replicate	   the	   uncertainties	   associated	   with	   their	  projects	  emerged,	  pushing	  for	  the	  development	  of	  financial	  electricity	  markets.	  Having	  identified	  the	  factor	  of	  the	  increased	  uncertainty	  in	  the	  electricity	  markets	   and	   the	   implied	   volatility	   of	   the	   inter-­‐related	   commodities,	   when	  undertaking	   a	   project	   in	   the	   industry,	   it	   is	   profound	   that	   modeling	   the	  profitability	  of	  a	  power	  plant	  as	  well	  as	  hedging	  its	  position	  in	  the	  markets	  is	  of	  major	  importance	  for	  the	  investors.	  In	  that	  level	  the	  ability	  of	  a	  unit	  to	  respond	  to	  market	  conditions	  in	  certain	  events	  is	  an	  important	  tool	  to	  mitigate	  losses.	  	  This	   advantage	   implies	   a	   managerial	   operational	   flexibility,	   which	   in	  principal	   in	   an	   uncertain	   future,	   possess	   a	   significant	   value	   either	   for	   risk	  management	  or	  investment	  appraisal	  purposes.	  Traditionally	   the	   valuation	   of	   a	   power	   plant	   is	  made	   possible	   using	   the	  Net	  Present	  Value	  (NPV)	  or	  a	  deterministic	  Discount	  Cash	  Flow(DCF)	  approach.	  However	   the	   activity	   of	   electricity	   generation	   due	   to	   the	   idiosyncratic	  characteristics	  of	  electricity	  as	  a	  commodity	  and	  the	  complex	  demand	  and	  supply	  patterns,	  constrains	  the	  traditional	  static	  valuation	  methods	  from	  capturing	  the	  profitability	  dynamics	  of	  an	  investment	  in	  the	  field	  of	  electricity	  generation.	  The	  literature	   therefore	   as	   will	   be	   thoroughly	   presented	   in	   Chapter	   2,	   suggest	   the	  adoption	   of	   a	   dynamic	   valuation	   approach	   method,	   using	   the	   concept	   of	   real
options	  as	  a	  vehicle	  to	  capture	  in	  our	  model	  the	  parameters	  of	  uncertainty	  over	  time.	   In	   principle	   real	   options,	   share	   a	   plethora	   of	   common	   characteristics	  determining	  the	  nature	  of	  financial	  options,	  except	  the	  fact	  that	  real	  options	  are	  ‘’written’’	   over	   real	   assets.	   Bibliography	   identifies	   the	   components	   structuring	  the	   real	   options	   for	   electricity	   generation	   on	   spark	   and	   dark	   spread,	   which	  represent	  the	  theoretical	  profit	  margin	  of	  a	  power	  plant,	  which	  is	  effectively	  the	  difference	   between	   the	   price	   of	   electricity	   and	   the	   cost	   of	   fuel	   used	   for	   the	  generation	   of	   electricity.	   Spark	   spread	   is	   used	   to	   depict	   the	   profit	   margin	   for	  natural	  gas	  power	  plants	  while	  Dark	  spread	   is	  used	  for	  hard	  coal	   fueled	  power	  plants.	  Along	  with	  the	  liberization	  of	  electricity	  markets,	  power	  generators	  were	  challenged	  to	  comply	  with	  a	  new	  regulatory	  framework	  designed	  to	  monitor	  and	  limit	   emissions.	   Electricity	   generation	   is	   by	   definition	   an	   extensively	   carbon	  intensive	   activity	   and	   the	   introduction	   of	   several	   regional,	   national	   and	   sub-­‐national	   carbon	   pricing	   initiatives	   like	   the	   European	   Emission	   Trading	   System	  (ETS)	   in	  2005	   introduced	  a	  new	  source	  of	  risk	   for	   the	  generation	  of	  electricity.	  	  The	   emission	   regulatory	   frameworks	   pushed	   for	   the	   creation	   of	   sovereign	  emission	   trading	   markets	   posing	   further	   expenses	   for	   the	   producers	   and	  introducing	  higher	  uncertainty	  for	  their	  profits.	  Hence	  the	  risk	  profile	  and	  by	  extension	  the	  profitability	  of	  an	  investment	  in	  the	  industry	  is	  attributed	  not	  only	  to	  the	  volatile	  market	  of	  electricity	  and	  the	  prices	   of	   the	   fuel	   but	   to	   the	   emissions	   market	   price	   trajectories	   as	   well.	  Therefore	  the	  concept	  of	  spark	  spread	  and	  dark	  spread	  shall	  be	  augmented	  with	  the	  price	  of	  emissions	  as	  traded	  in	  the	  commodity	  markets.	  This	  should	  provide	  the	  concept	  of	  Clean	  Spark	  and	  Clean	  Dark	  Spreads.	  This	  master	  thesis	  having	  considered	  the	  potentials	  of	  the	  real	  options	  in	  risk	   management	   and	   project	   valuation,	   as	   well	   as	   the	   prospects	   and	   the	  challenges	  for	  the	  sector,	  aims	  to	  identify	  tractable	  mathematical	  models	  for	  the	  pricing	   of	   real	   options	   for	   electricity	   generation.	   	   Thus	   in	   line	   with	   the	  idiosyncratic	   characteristics	   of	   electricity	   as	   a	   commodity,	   three	   popular	  diffusion	  stochastic	  differential	  equations	  and	  their	  jump	  diffusion	  counterparts	  were	  chosen	  to	  model	  the	  price	  trajectories	  of	  clean	  spark	  and	  dark	  spread	  real	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options.	   Two	  mean	   reverting	   processes	   and	   one	  with	   a	   proportional	   structure	  along	   with	   their	   jump	   diffusion	   counterparts	   selected	   accordingly	   to	   capture	  mean	   reversion	   and	   spikes.	   The	   respected	   processes	   are	   Geometric	   Brownian	  Motion	   Process(GBMP),	   Mean	   Reverting	   Gaussian	   Process	   (MRGP)	   and	   Mean	  Reverting	  Square	  Root	  Process	  (MRSRP).	  For	   this	   purposes	   two	  of	   the	   largest	   electricity	  markets	   in	  Europe	  were	  chosen	   to	   serve	   as	   inputs	   for	   the	  model.	   The	   analysis	  was	   performed	   for	   both	  Clean	  Spark	  and	  Dark	  Spreads	  for	  the	  two	  markets.	  The	  data	  were	  obtained	  from	  Bloomberg	   sampled	   at	   a	   daily	   frequency	   and	   they	   were	   corresponding	   to	   a	  period	  starting	  from	  October	  2009	  to	  October	  2013.	  	  The	  performance	  of	  the	  models	  was	  evaluated	  for	  fitting	  and	  parsimony,	  through	   Maximum	   Likelihood	   and	   the	   Bayesian	   information	   criterion	  respectively.	  From	  those	  criteria	  the	  best	  process	  to	  describe	  the	  price	  evolution	  of	   the	   two	   spreads	   was	   selected	   and	   served	   as	   a	   proxy	   for	   the	   valuation	   of	   a	  Clean	  Spark	  Spread	  Call	  option	  for	  the	  United	  Kingdom.	  	  	  This	  master	   thesis	   is	   structured	   in	   the	   following	   form;	   In	  Chapter	  2,	   the	  corresponding	   literature	   is	   thoroughly	   presented;	   The	   concept	   of	   the	   Energy	  Spreads	   in	  general	  and	   for	   the	  electricity	   industry	  especially	   is	  defined	  and	  the	  importance	  of	   the	  emission	  allowance	  market,	   and	   the	  associated	   cost	   is	  being	  established.	   The	   highly	   competitive	   sector	   along	   with	   the	   idiosyncratic	  characteristics	  of	  the	  electricity,	  highlight	  the	  importance	  of	  the	  Clean	  Spark	  and	  Dark	  Spread	   for	   the	   industry.	  The	  concept	  of	   the	  spreads	   is	   identified	   from	  the	  power	  producers	  and	  the	  literature	  as	  an	  excellent	  instrument	  for	  risk	  mitigation	  and	   project	   valuation.	   In	   this	   chapter	   Real	   Options	   are	   proposed	   to	   serve	   as	   a	  proxy	   for	   the	   Clean	   Spark	   and	  Dark	   Spreads	   and	   the	   extensive	   literature	   from	  several	  accredited	  authors	  strongly	  support	  this	  concept.	  Their	  approach	  to	  the	  concept	  of	   real	  options	  as	  well	  as	   their	  use	   for	  valuation	  and	  risk	  mitigation	   in	  energy	  and	  finance	   is	  presented	  extensively.	  Chapter	  3	   is	   the	  section	  where	  the	  problem	  of	  the	  real	  option	  spread	  valuation	  is	  being	  approached	  mathematically.	  In	  this	  chapter,	  the	  candidate	  processes	  for	  the	  pricing	  of	  Clean	  Spark	  and	  Dark	  Spread,	   are	  being	  presented	   in	   an	  analytical	   form	  along	  with	   their	  derivations.	  There,	   can	   be	   found	   as	   well	   the	   representations	   for	   the	   criteria	   used	   for	   the	  valuation	  of	   the	  selected	  process	  and	  a	  calculus	  demonstration	  of	   the	   formulas	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used	   for	   the	   pricing	   of	   the	   call	   option	   in	   the	   end	   of	   the	   thesis.	   This	   chapter	  contains	   also	   the	   graphic	   illustration	   of	   the	   collected	   data	   from	   Bloomberg	  terminal.	  Chapter	  4	  contains	  the	  empirical	  analysis	  of	  the	  model	  output	  from	  the	  software.	   The	   descriptive	   statistics	   of	   	   the	   spread	   time	   series	   are	   being	  presented,	  along	  with	  the	  selected	  evaluation	  criteria.	  The	  models	  are	  discussed	  quantitatively	  in	  terms	  of	  efficiency	  and	  consistency.	  In	  Chapter	  5	  the	  findings	  of	  the	   empirical	   analysis	   are	   being	   tabulated	   and	   further	   argued.	  Most	   important	  the	  prevailing	  process	  is	  being	  used	  for	  the	  valuation	  of	  a	  call	  option	  written	  over	  the	   Uk	   Clean	   Spark	   Spread.	   The	   results	   are	   presented	   qualitatively	   and	  discussed.	  Finally	  this	  assignment	  is	  fulfilled	  with	  the	  Appendix	  in	  Chapter	  6	  and	  the	  References	  
2.Literature	  Review	  	   The	  spread	  both	  as	  a	  product	  and	  a	  concept	  is	  probably	  one	  of	  the	  most	  useful	  and	  important	  structures	  in	  the	  world	  of	  energy.	  Practically	  every	  aspect	  of	   energy	   production	   can	   be	   described	   using	   spreads.	   In	   essence	   the	   spread	  represents	   the	  price	  difference	  between	   two	   commodities.	  As	   an	   instrument	   is	  used	   to	   mitigate	   risks	   associated	   with	   the	   production,	   to	   balance	   market	  inefficiencies	  and	  to	  hedge	  operational	  cash	  flows(Eydeland	  and	  Wolyniec	  2003).	  This	   stems	   from	   the	   fact	   that	   being	   exposed	   to	   different	   positions	   on	   related	  commodities	  reduces	  risk	  in	  contrast	  to	  being	  subject	  to	  the	  volatility	  of	  a	  single	  outright	  position(Edwards	  2010).	  As	  mentioned	   above,	   spreads	   are	   particularly	   popular	   in	   all	   commodity	  markets	  and	  can	  be	  organized	   in	  different	  categories.	   Intra-­‐commodity	  spreads	  or	  quality	  spreads	  encapsulate,	  the	  price	  difference	  from	  the	  same	  product	  but	  of	  different	  qualitative	   characteristics.	  Geographic	   spreads	  are	  written	  among	   the	  price	   difference	   of	   the	   same	   product	   but	   in	   different	   geographic	   regions.	  Accordingly	   calendar	   spread	   is	   the	   price	   differential	   of	   the	   same	   commodity	  future	  but	  with	  different	  expirations.	  	  	  However	   inter-­‐commodity	   spreads	  maintain	   a	   principal	   position	   among	  the	   spreads.	   Those	   spreads	   correspond	   to	   the	   price	   difference	   among	   two	   or	  more	   different	   commodities,	   connected	   to	   a	   certain	   operation	   process.	   Those	  
	   7	  
commodities	   can	   be	   related	   either	   in	   the	   operational	   inputs	   of	   an	   installation,	  like	  the	  case	  of	  a	  power	  plant	  with	  two	  fuels,	  or	  they	  may	  also	  refer	  to	  the	  price	  differential	  of	  different	  operational	  outputs,	  which	  is	  effectively	  the	  case	  for	  the	  refinery	   outputs.	   In	   the	   category	   of	   inter-­‐commodity	   spreads	   outstand	   the	  spread	  between	  operational	   inputs	  and	  outputs.	   In	   this	  set	   fall	   two	  of	   the	  most	  widely	  used	  spreads:	  the	  crack	  spread	  and	  the	  Dark/Spark	  spread(Geman	  2009).	  Moreover	  depending	  on	  the	  use	  of	  the	  spreads,	  there	  are	  specific	  terms	  to	  describe	  them.	  For	  example	  Crack	  Spreads	  are	  written	  over	  the	  price	  difference	  of	  crude	  oil	  and	  its	  distillate	  products.	  The	  simplest	  crack	  spread	  is	  1:1	  between	  crude	  oil	   and	  on	  of	   its	  products.	  Another	  popular	   spread	   is	   the	  3:2:1	   structure	  where	  in	  essence,	  the	  refiner	  takes	  a	  long	  position	  in	  one	  barrel	  of	  heating	  oil	  and	  two	   barrels	   of	   gasoline	   and	   a	   short	   position	   in	   three	   barrels	   of	   crude.	   Crack	  spreads	   are	   being	   traded	   either	  Over	   the	   counter	   or	   via	   the	   secondary	  market	  (NYMEX,	  CBOT,	  etc.).	  Spark	  spreads	  represent	  the	  price	  difference	  of	  the	  price	  of	  electricity	  as	  a	  tradable	   commodity	   and	   the	   price	   of	   natural	   gas	   in	   the	  markets..	   Similarly	   the	  Dark	  Spreads	  are	  the	  price	  difference	  between	  the	  cost	  of	  fuel	  coal	  for	  electricity	  production	   and	   the	   price	   of	   electricity.	   Both	   spreads	   can	   be	   accounted	   as	   a	  measure	  of	  profitability	   for	  a	  power	  plant	  depending	  of	   the	   input	   fuel(Pilipovic	  1998).	   The	   afore	   mentioned	   spreads,	   can	   be	   structured	   to	   a	   formulae	   which	  takes	  in	  account	  the	  price	  of	  electricity	  as	  an	  output	  and	  the	  cost	  of	  fuel	  as	  input.	  	  	   !! = !! − !"  !!	   (1)	  	  In	  the	  above	  formula	  (1),	  !!	  is	  the	  spread,	  !! 	  is	  the	  price	  of	  electricity	  per	  unit	  of	  energy	  and	  !!	  is	  the	  cost	  of	  fuel.	  KH	  is	  the	  heat	  rate,	  which	  is	  rather	  important	  for	  the	  above	  equation	  as	  an	  indicator	  of	  the	  amount	  of	  fuel	  needed	  to	  generate	  one	  MWh	  of	  electricity.	  	   Among	   the	   plethora	   of	   energy	   commodities,	   electricity	   exhibits	   some	  unique	   characteristics,	   which	   distinguishes	   it	   from	   the	   other	   energy	  commodities.	   The	   industry	   is	   subjected	   to	   extreme	   volatility	   due	   to	   weather	  conditions,	  large	  variation	  in	  demand	  due	  to	  geographic	  and	  seasonal	  factors	  and	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major	   physical	   and	   technical	   constraints,	   which	   stem	   from	   the	   non	   storable	  nature	  of	  the	  electricity	  and	  the	  activities	  of	  production	  and	  transmission.	  	  	   Moreover,	   power	   generation,	   is	   a	   highly	   carbon	   intensive	   industry.	   The	  last	   decades	   many	   countries	   have	   proceeded	   to	   the	   liberization	   of	   their	  electricity	   markets	   and	   have	   imposed	   strict	   regulatory	   frameworks	   for	   the	  activity	  of	  electricity	  production.	  	  Following	   this	   shift	   in	   a	   global	   scale,	   many	   governments	   have	   adopted	  various	   schemes	   for	   the	   reduction	   of	   carbon	   emissions.	   Therefore	   electricity	  generators	   are	   exposed	   not	   only	   to	   the	   price	   fluctuations	   of	   the	   fuel	   and	   the	  wholesale	   price	   of	   electricity	   in	   the	   markets	   but	   they	   are	   subjected	   to	   the	  oscillations	  in	  the	  price	  of	  carbon	  allowances	  as	  formed	  in	  the	  market(Carmona,	  Coulon	  et	  al.	  2012).	   	   In	  a	  global	  scale	  many	  governments	  have	  adopted	  various	  schemes	  for	  the	  reduction	  of	  carbon	  emissions.	  	   The	   European	   market	   for	   Carbon	   allowances	   or	   EU	   ETS	   system	   is	   a	  mandatory	   cap	   and	   trade	   system	   initiated	   back	   in	   2005.	   The	   EU	   ETS	   covers	  green	   house	   gas	   emissions	   emitted	   from	   stationary	   sources	   like	   electricity	  generation	  and	  a	  range	  of	  several	  industrial	  sectors	  including	  aviation.	  	  From	  the	  beginning	  of	  2013	   the	  European	  Emission	  System	  entered	   the	  third	   phase	   as	   dictated	   from	   the	   relevant	   directive	   in	   2009(European	  Commission	  2009).	  This	  period	  introduces	  several	  pivotal	  reforms	  in	  the	  EU	  ETS	  system	   facilitating	   the	   vehicle	   of	   the	  European	  Unions	   environmental	  policy	   to	  meet	  2020	  targets.	  For	  2013	  the	  cap	  has	  been	  set	  at	  2,039	  MtCO2.	  This	  amount	  of	  allowances	  is	  about	  to	  be	  subjected	  to	  an	  annual	  reduction	  by	  a	  factor	  of	  1.74%	  of	   the	  allowances	   issued	   in	  2010(European	  Commission	  2013),	  yielding	  a	  21%	  reduction	   of	   the	   overall	   emissions	   in	   2020,	   comparing	   with	   that	   from	   2005.	  Additionally	   the	   allocation	   pattern	   of	   the	   National	   Allocation	   Plans	   gives	   its	  position	   to	   a	   more	   incentive	   targeted	   approach,	   the	   National	   Implementation	  Plans,	  which	   is	   effectively	   an	   ex-­‐ante	  benchmark	  approach,	   set	   by	  benchmarks	  adjusted	   to	   the	   most	   efficient	   installations	   across	   Europe.	   And	   what	   is	   more	  important,	   the	   power	   generation	   sector	   will	   not	   be	   eligible	   for	   free	   emission	  allowances.	  Therefore	  the	  electricity	  producers	  should	  resort	   to	   the	  markets	   to	  cover	  their	  needs	  in	  EUA’s(European	  Commission	  2011).	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Observing	  the	  price	  trajectories	  of	  the	  system	  during	  the	  past	  two	  phases	  we	  may	  observe	  that	  the	  value	  of	  the	  EUA	  units	  have	  declined	  significantly	  from	  the	  beginning	  of	  the	  system,	  tumbling	  in	  very	  low	  prices	  in	  the	  mid	  2013.	  Many	  factors	  have	  been	  identified	  as	  possible	  causes	  for	  that.	  Among	  them,	  the	  surplus	  of	  issued	  allowances,	  the	  annulment	  of	  back	  loading,	  the	  absence	  of	  solid	  binding	  targets	  for	  2030	  and	  the	  generalized	  economic	  crisis.	  But	  overall	  the	  low	  prices	  may	  indicate	  a	  signal	  of	  a	  well	  working	  market	  and	  the	  European	  Union	  projects	  strong	  will	  to	  concrete	  the	  ETS	  system(Kossoy	  2013).	  This	  trend	  is	  clearly	  reflected	  not	  only	  in	  the	  binding	  targets	  of	  the	  third	  phase	   of	   the	   European	   ETS	   system,	   aiming	   to	   constrain	   the	   surplus	   and	  harmonize	   the	   emission	   allocation	   scheme,	   but	   in	   the	   actions	   of	   the	   European	  Commission	  as	  well.	  In	  that	  direction	  EU	  has	  identified	  six	  options	  to	  strengthen	  the	   system(European	   Commisiion	   2012)	   and	   furthermore	   interim	   reports	  suggest	  the	  revision	  of	  the	  indicated	  annual	  emission	  reduction	  factor	  of	  1.74%	  to	  2.3%	  or	  2.5%(Egenhofer,	  Marcu	  et	  al.	  2012).	  Having	  considered	  the	  above	  we	  may	  arrive	  to	  the	  conclusion	  that	  a	  rise	  in	  the	  prices	  of	  emissions	  is	  a	  rather	  possible	  scenario.	  And	  the	  fact	  that	  power	  generation	   which	   is	   essentially	   a	   highly	   carbon	   intensive	   activity	   will	   not	   be	  eligible	   for	   free	   allowances	   and	   will	   have	   to	   be	   supplied	   from	   the	   markets,	  inevitably	   suggest,	   that	   in	   the	   near	   future,	   the	   cost	   of	   carbon	   allowances	  may	  substantially	  affect	  the	  profitability	  of	  the	  investments	  in	  the	  sector.	  Taking	   into	   consideration	   that	   Spark	   and	  Dark	   spreads	   encapsulate	   the	  profitability	   of	   the	   production	   processes	   for	   the	   power	   producers,	   academic	  literature	   along	   with	   the	   operators	   propose	   that	   the	   cost	   of	   CO2	   should	   be	  incorporated	  to	  the	  production	  cost	  and	  therefore	  in	  the	  spread	  (Carmona,	  Fehr	  et	  al.	  2010).	  Especially	  in	  the	  third	  phase	  of	  the	  EU	  ETS	  system	  where	  there	  is	  no	  provision	   for	   free	   allocation	   and	   the	   caps	   are	   tightened,	   a	   rise	   in	   the	   price	   of	  carbon	  may	  affect	  significantly	  the	  profit	  margin	  of	  a	  power	  plant.	  	   Stressing	   out	   the	   concept	   of	   incorporating	   the	   cost	   of	   emissions	   in	   the	  spread,	  we	  may	  derive	  a	  formula	  for	  the	  respected	  spread,	  which	  will	  include	  the	  cost	  of	  emission	  allowances.	  Literature	  suggests	  that	  the	  original	  function	  for	  the	  spark-­‐dark	  spread	  may	  be	  used,	  by	  subtracting	  the	  price	  of	  emissions.	  Then	  the	  following	  formula	  (2)	  yields;	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   !! = !! − !"  !! − !	   (2)	  	  Where	   E	   is	   the	   cost	   of	   the	   emissions	   produced	   by	   the	   activity	   of	   power	  generation(Cragg,	  Goldberg	  et	  al.	  2011).	  At	  this	  point	  we	  have	  identified	  the	  elements	  that	  synthesize	  the	  concept	  of	  the	  clean	  spark	  spread	  (CSS)	  and	  clean	  dark	  spread	  (CDS).	  This	  structure	  is	  a	  fundamental	  tool	  to	  identify	  the	  profitability	  of	  a	  power	  plant	  or	  to	  mitigate	  risks	  associated	  with	  the	  inputs	  and	  the	  outputs	  of	  power	  generation.	  More	  important,	  it	   is	   proposed	   in	   the	   literature	   that	   that	   incorporating	   the	   concept	   of	   clean	  spreads	   in	   the	   form	   of	   real	   options	   give	   us	   a	   financial	   instrument	   for	   the	  valuation	  of	  a	  power	  plant	  (Hsu	  1998).	  During	  the	  last	  decades	  the	  common	  trend	  in	  the	  electricity	  markets	  was	  the	  liberization	  of	  the	  power	  sector.	  This	  practice	  has	  shift	  the	  sector	  to	  a	  highly	  competitive	   and	   uncertain	   field.	   In	   a	   deregulated	  market	   the	   estimation	   of	   the	  risk	  and	  the	  valuation	  of	  the	  production	  units	  is	  of	  major	  importance.	  Traditional	  methods	  do	  not	  seem	  to	  capture	  this	  concept.	  So	  the	  literature	  proposes	  the	  use	  of	  clean	  dark	  and	  spark	  spreads	   in	  the	  form	  of	  real	  options	  as	  the	  best	  method	  for	  valuation	  and	  risk	  mitigation	  in	  the	  industry.	  Focusing	   on	   this	   concept,	   real	   options	   in	   fact	   is	   not	   very	   new.	   Back	   in	  1973	  Stewart	  Myers	  of	  MIT	  proposed	  the	  term	  real	  options,	  observing	  that	  most	  capital	   budgeting	   decisions	   suggested	   a	   series	   of	   embedded	   options	   (Myers	  1977).	   The	   first	   application	   of	   real	   options	   theory	   was	   made	   from	  Tourinho(Tourinho	   1979),	   followed	   by	   the	   work	   of	   other	   authors	   like	  Siegel(Siegel,	   Smith	   et	   al.	   1987)	   and	   Paddock(Paddock,	   Siegel	   et	   al.	   1988)	   and	  Ekern(Ekern	   1988).	   Researchers	   realized	   that	   even	   reservoirs	   with	   high	  extraction	   costs	   whose	   development	   was	   unprofitable	   the	   current	   time	   had	  actually	  an	  underlying	  real	  option	  value.	  	  Pursuing	   to	   define	   the	   concept	   of	   real	   options	   we	   may	   present	   two	  proposed	   definitions.	   Copeland	   and	   Antikarov(Antikarov	   and	   Copeland	   2001)	  approach	  the	  concept	  of	  real	  options	  as	  “the	  right	  but	  not	  the	  obligation	  to	  take	  an	   action	   at	   a	   predetermined	   cost	   called	   exercise	   price	   for	   a	   predetermined	  period	  of	  time	  which	  is	  effectively	  the	  life	  of	  	  an	  option”.	  Another	  definition	  was	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proposed	   by	  Kogut	   and	  Kulatilaka(Kogut	   and	  Kulatilaka	   2001),	   explaining	   real	  options	  as	  “an	  investment	  decision	  characterized	  by	  uncertainty,	  the	  provision	  of	  future	   managerial	   discretion	   to	   exercise	   price	   at	   the	   appropriate	   time	   and	  irreversibility”.	   To	   a	   more	   applied	   conceptualization,	   Trigeorgis	   (Trigeorgis	  2000)	  has	  identified	  and	  categorized,	  the	  most	  common	  types	  of	  real	  options	  	  in	  the	  following	  genres;	  The	  option	  to	  defer,	  the	  option	  to	  alter	  the	  operating	  scale,	  the	  option	  to	  abandon	  and	  the	  time	  to	  build	  option.	  	  In	  Fact	  Real	  Options	  are	  option	   like	  opportunities	  where	   the	  underlying	  assets	  are	  in	  fact	  real	  assets	  and	  not	  financial.	  Real	  options	  are	  mostly	  used	  in	  the	  energy	  sector.	  The	  existence	  of	  derivatives	  and	  securities	  in	  the	  energy	  markets	  like	  futures,	  forwards	  and	  spreads	  in	  our	  occasion	  make	  real	  options	  a	  great	  tool	  for	  managing	  and	  valuating	  business	  options	  providing	  managerial	  flexibility	  and	  risk	  mitigation	  instruments	  or	  the	  power	  sector(Kolb	  and	  Overdahl	  2009).	  In	   the	   following	   decades	   the	   concept	   has	   gain	   the	   attention	   of	   several	  authors.	   In	   1996	   Felder(Felder	   1996)	   proposed	   that	   in	   a	   deregulated	   power	  sector	   the	  use	  of	   financial	  methods	  and	   theory	  will	  unavoidably	   increase.	  Gosh	  and	  Ramesh(Ghosh	  and	  Ramesh	  1997)	   in	  1997	  predicted	  major	  changes	   in	   the	  electricity	   sector,	   investigated	   trading	   options	   on	   electricity	   and	   proposed	   a	  solution	  to	  option	  pricing	  in	  electricity	  future	  prices.	  In	  1998	  Michael	  Hsu	  (Hsu	  1998)identified	  the	  spark	  spread	  options	  as	  the	  perfect	  tool	  for	  the	  valuation	  of	  natural	  gas	  and	  an	  instrument	  for	  risk	  mitigation.	  Three	  years	  later	  Frayer	  and	  Uludere(Frayer	  and	  Uludere	  2001)	  using	  the	  concept	  of	  spark	  spread	  in	  a	  pricing	  formula	  evaluated	  with	  an	  adjusted	  model	  of	  Black	  and	  Scholes	  formula	  the	  case	  of	  a	  natural	  gas	  facility.	  Their	  results	  showed	  that	   the	   real	   option	   valuation	   could	  provide	   other	   results	   than	   the	   classic	  DCF	  approach.	   In	   the	   same	   year	   Deng(Deng,	   Johnson	   et	   al.	   2001)	   developed	   a	   real	  options	  valuation	  for	  generation	  and	  transmission	  assets.	  In	  2004	  Moreira	  (Moreira,	  Rocha	  et	  al.	  2004)	  made	  use	  of	  the	  real	  options	  theory	   to	   study	   thermal	   power	   generation	   investments	   in	  Brazil,	   assessing	   the	  flexibility	  of	   those	  units	  along	  with	   their	   sensitivity	  on	   the	  potentially	   imposed	  regulatory	   frameworks.	  The	  next	  year	  Hlouskova	  et.	  Al.	   (Hlouskova,	  Kossmeier	  et	   al.	   2005)	   applying	   the	   real	   options	  model	   on	   short	   term	   asset	   valuation	   of	  Tseng	  and	  Barz(Tseng	  and	  Barz	  2002)	  proposed	  a	  method	  to	  value	  and	  optimally	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operate	   an	   electricity	   generation	   turbine	   in	   Germany.	   In	   2006	   Laurikka	   an	  Koljonen	  (Laurikka	  and	  Koljonen	  2006)extended	  the	  model	  of	  DCF	  by	  taking	  into	  account	  the	  value	  of	  two	  real	  options	  aiming	  to	  study	  the	  impact	  of	  the	  EU	  ETS	  on	  investment	  decisions	  in	  Finland,	  concluding	  in	  their	  study	  that	  the	  allocation	  uncertainty	  plays	  a	  pivotal	  role	  in	  fuel	  fired	  power	  plant	  investment	  decisions.	  A	  different	   approach	   for	   the	   same	   issue	  have	  been	  used	  by	  Blyth	  and	  Yang(Yang	  and	   Blyth	   2007)	   using	   real	   options	   with	   stochastic	   variables	   to	   quantify	   the	  impacts	  of	  structural	  changes	  in	  climate	  policy	  on	  electricity	  investments.	  Deng	   and	   Xia(Deng	   and	   Xia	   2006)	   using	   dynamic	   programming	   and	  Monte	  Carlo	  Simulation	  applied	  a	  real	  option	  model	  for	  valuing	  tolling	  contracts.	  In	   2007	   Botterud	   and	   Korpas(Botterud	   and	   Korpås	   2007)	   using	   real	   option	  theory	   studied	   the	   impact	   of	   future	   uncertainties	   on	   electricity	   market	   prices	  developing	  an	  optimization	  model	  for	  optimal	  timing.	  In	   2010	   Fleten	   and	   Nasakkala(Fleten	   and	   Näsäkkälä	   2010)	   used	   real	  option	  analysis	  to	  study	  a	  gas	  fired	  power	  plant	  in	  Scandinavia	  and	  depending	  on	  the	  degree	  of	  flexibility	  of	  the	  power	  plant	  proposed	  upper	  and	  lower	  bounds	  for	  the	  power	  plants.	  One	  year	  later	  Michael	  Cragg(Cragg,	  Goldberg	  et	  al.	  2011)	  used	  numerical	  simulations	  for	  the	  three	  asset	  model	  of	  fuel,	  electricity	  and	  emissions	  to	   demonstrate	   the	   risk	   mitigation	   potential	   of	   this	   structure	   to	   a	   power	  producer.	   The	   next	   year,	   Carmona	   Et.	   Al.(Carmona,	   Coulon	   et	   al.	   2012),	  expressed	   the	   value	   of	   clean	   spread	  options	  based	  on	   an	   exogenous	   stochastic	  model	  and	  developed	  a	  numerical	  code	  for	  the	  solution	  of	  the	  pricing	  problem.	  Concerning	   the	   valuation	   of	   spread	   options	   there	   exists	   an	   extensive	  literature	   from	   the	   industry	   and	   academia.	   Amram	   and	  Kulatilaka(Amram	   and	  Kulatilaka	   1999)	   organized	   the	   possible	   solutions	   for	   option	   valuation	   and	  identified	   three	  different	   approaches.	   The	  partial	   differential	   equation	   solution	  method,	  the	  dynamic	  programming	  approach	  and	  the	  simulation	  approach.	  The	  first	  solution	  method	  aims	  at	  expressing	  mathematically	   the	  value	  of	  an	  option	  and	  its	  dynamics	  by	  PDE’s	  and	  boundary	  conditions.	  The	  dynamic	  programming	  approach	  optimizes	   the	  decision	   that	  affects	   future	  payoffs.	  The	   last	  simulation	  approach	  identifies	  all	  possible	  routes	  leading	  from	  the	  present	  conditions	  to	  the	  decision	  on	  the	  expiration	  date	  of	  an	  option.	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The	  most	  common	  formula	  is	  Magrabe’s(Margrabe	  1978)	  classical	  spread	  option	  formula	  which	  remains	  still	  an	  important	  approach	  and	  was	  extended	  by	  several	   authors	   like	   Carmona	   and	   Durrleman(Carmona	   and	   Durrleman	   2003)	  and	  was	  even	  adjusted	  even	  for	  the	  three	  asset	  case	  of	  clean	  spreads	  by	  Alos	  et	  al.(Alos,	   Eydeland	   et	   al.	   2011)	   	   In	   2012	   Carmona	   and	   Sun(Carmona	   and	   Sun	  2012)	  proposed	  the	  valuation	  of	  two	  assets	  in	  a	  multi	  scale	  stochastic	  volatility	  model.	   To	   another	   direction	   of	   the	   valuation	   of	   the	   related	   commodities	  many	  authors	   have	   chosen	   different	   routes	   to	   quantify	   and	   valuate	   clean	   spark	  spreads.	   In	  a	   first	   stage	  De	   Jong	  and	  Schneider	  at	  2009(De	   Jong	  and	  Schneider	  2009)	   and	   Koenig	   (Koenig	   2011)	   have	   proven	   a	   strong	   correlation	   among	   the	  series	   of	   fuel,	   emission	   allowances	   and	   electricity	   prices.	   Others	   have	   used	  reduced	   price	   models	   to	   prove	   the	   relationship	   among	   the	   specific	  characteristics	   of	   electricity	   such	  as	  high	  volatility,	   spikes,	  mean-­‐reversion	   and	  fuel	   price	   correlation.	   Others	   have	   argued	   with	   those	   hypothesis	   and	   were	  focused	  to	  modeling	  the	  dynamics	  of	  demand,	  capacity	  in	  a	  structural	  approach.	  This	  methodology	  was	  supported	  by	  authors	   like	  Barlow(Barlow	  2002),	  Cartea	  and	  Villaplana(Cartea	  and	  Villaplana	  2008),	  Pirrong	  and	  Jermakyan(Pirrong	  and	  Jermakyan	   2008)	   on	   the	   same	   year	   and	   Coulon	   and	   Howison(Howison	   and	  Coulon	   2009)	   on	   2009.	   Concerning	   the	   valuation	   of	   emissions	   Carmona	   and	  Hinz(Carmona,	  Fehr	  et	  al.	  2010)	  have	  proposed	  an	  exogenous	  process	  to	  model	  prices	  directly	  while	  others	  have	  proposed	  to	  treat	  the	  emission	  endogenously	  as	  a	   derivative	   like	   Seifert	   et	   al.(Seifert,	  Uhrig-­‐Homburg	   et	   al.	   2008)	   and	  Chesney	  and	  Taschini(Chesney	  and	  Taschini	  2012).	  These	  models	  however	  do	  not	  take	  in	  account	  the	  effect	  of	  the	  production	  of	  emissions	  and	  the	  evolution	  of	  the	  prices	  to	   the	   source	   of	   their	   production.	   This	   deficiency	   was	   addressed	   by	   other	  researchers	   in	  a	  discrete	   time	   frame	  work	   from	  Coulon(Coulon	  2009)	  on	  2009	  and	  Carmona	  et	  al.(Carmona,	  Fehr	  et	  al.	  2010)	  on	  2010	  and	  in	  a	  continuous	  time	  on	   2012	   from	  Carmona	   et	   al.(Carmona,	  Delarue	   et	   al.	   2013)	   and	  Howison	   and	  Schwarz(Howison	  and	  Schwarz	  2012)	  	  The	  former	  used	  an	  exogenous	  approach	  of	  the	  emissions	  as	  function	  of	  electricity	  prices	  while	  the	  later	  used	  the	  bid	  stack	  mechanism	  to	  infer	  the	  emission	  rate.	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3.Methodology	  	  In	   this	  master	   thesis,	  aiming	  to	   investigate	   the	  pricing	  of	  clean	  dark	  and	  spark	  spread	  options	  we	  will	  focus	  on	  modeling	  this	  option	  structure	  essentially	  not	  for	  risk	  mitigation	  issues	  but	  for	  investment	  appraisal	  purposes.	  Focusing	  on	  the	  investment	  aspect	  of	  option	  valuation	  we	  may	  benefit	  from	  the	  fact	  that	  the	  dependence	  structure	  between	  the	  underlying	  components	  Clean	  Spark	  Spreads	  and	  Clean	  Dark	  Spreads	   is	   irrelevant	  and	  adopt	  a	  direct	  approach	  for	  modeling	  the	   electricity	   Clean	   Dark	   and	   Spark	   spreads	   autonomously(Eydeland	   and	  Wolyniec	   2003).	   This	   approach	   minimizes	   model	   estimation	   risk,	   possible	  unnecessary	  complications.	  	  Motivated	  from	  the	  literature	  and	  scientific	  research	  the	  ability	  of	  various	  popular	  diffusion	  processes	  and	  their	  jump	  diffusion	  counterparts	  to	  capture	  the	  continuous	  time	  dynamics	  of	  the	  electricity	  clean	  dark	  and	  spark	  spreads	  will	  be	  investigated	   for	   the	   German,	   and	   British	   markets.	   Thus	   providing	   a	  mathematically	   tractable	  option	  pricing	  model	   for	   the	  valuation	  of	  Clean	  Spark	  and	  Dark	  Spread.	  Energy	   markets	   share	   lots	   of	   common	   elements	   with	   the	   financial	  markets	  but	  energy	  commodities	  exhibit	  certain	  features	  that	  need	  to	  be	  treated	  accordingly.	   Focusing	   on	   the	   evolution	   of	   energy	   commodity	   prices,	   the	   most	  noticeable	  behavior	   is	  mean	  reversion.	   In	   the	  short	  run	  market	  conditions	  may	  introduce	  price	  spreads	  but	  the	  dynamics	  of	  supply	  and	  demand	  along	  with	  the	  price	  determinants	  for	  the	  price	  of	  electricity	  will	  gravitate	  the	  price	  around	  the	  cost	  of	  production	  to	  a	  local	  asymptotic	  mean	  level.	  A	  behavior	  witnessed	  in	  the	  interest	  rate	  market	  as	  well(Cartea	  and	  Figueroa	  2005).	  Another	  distinctive	  feature	  of	  electricity	  markets	  is	  the	  existence	  of	  jumps	  and	  spikes.	  The	  non-­‐storable	  nature	  of	  the	  commodity	  introduces	  inelasticity	  in	  the	   electricity	   markets.	   Therefore	   shocks	   in	   the	   demand	   lead	   to	   large	   price	  fluctuations	   causing	   price	   jumps.	  When	   this	   contingency	   disappears	   the	   prices	  return	   to	   normal	   range.	   Those	   instantaneous	   movements	   of	   the	   price	   are	  observed	   as	   spikes.(Deng	   2000)	   The	   stochastic	   models	   were	   selected	  accordingly	  responding	  to	  the	  idiosyncratic	  characteristics	  of	  the	  electricity.	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3.1	  Empirical	  Models	  	   Aiming	  to	  capture	  the	  behavior	  of	  electricity	  prices	   in	  a	  closed	  form,	  the	  candidate	  processes	   for	   the	  valuation	  of	   the	  Clean	  Spread	  can	  be	  derived	   from	  the	   general	   form	   of	   the	   following	   differential	   equation,	   where	   for	   simplicity	  reasons	  Clean	  Spark	  Spread	  and	  Clean	  Dark	  Spread	  will	  be	  tabulated	  both	  in	  the	  form	  of	  !"!	  (Clean	  Spread)	  as	  a	  function	  of	  time	  !:	  	  	   !!"! = ! !"! , ! !" + ! !"! , ! !!! + ! !"! , ! !!!	   (3)	  	  where	  ! !"! , ! 	  is	   the	   drift,	  ! !"! , ! 	  is	   the	   diffusion	   coefficient,	  ! !"! , ! 	  is	   the	  jump	   amplitude	   and	  !!	  a	   standard	   Wiener	   process1.	   The	   jump	   component	   is	  controlled	  by	  a	  Poisson	  process2	  !!	  with	  constant	  arrival	  parameter	  λ.	  !!! ,	  !!! ,	  and	  y	  are	  assumed	   to	  be	  mutually	   independent.	  A	  plethora	  of	  different	  models	  may	  be	  obtained	  from	  the	  combination	  of	  different	  assumptions	  for	  the	  elements	  of	  ! !"! , ! ,	  ! !"! , ! ,	   and	  ! !"! , ! .	  This	  master	   thesis	   focuses	  on	   four	  diffusion	  processes	   and	   their	   jump-­‐diffusion	   counterparts.	   Those	   processes	   have	   been	  used	  in	  	  a	  wide	  range	  of	  applications,	  including	  modeling	  of	  stock	  and	  commodity	  prices,	   interest	   rates	   and	   volatility(Chan,	   Karolyi	   et	   al.	   1992).	   The	   candidate	  processes	   are	   Geometric	   Brownian	   Motion	   Process(GBMP),Mean	   Reverting	  Gaussian	   Process	   (MRGP)	   and	   Mean	   Reverting	   Square	   Root	   Process(MRSRP).	  The	  processes	  are	  presented	  extensively	  below,	  along	  with	  their	  Jump	  Diffusion	  counterparts	  
	  
3.1.1	  Geometric	  Brownian	  Motion(GBMP)	  	  Geometric	  Brownian	  Motion	  Process	  	  has	  been	  used	  to	  model	  the	  underlying	  asset	   price	   evolution	   in	   the	   Black	   and	   Scholes	   option	   pricing	   model	   and	   in	  modeling	  the	  stochastic	  volatility	  option	  pricing.	  The	  general	  GBMP	  equation	   is	  presented	  below	  (4);	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1	  Wiener	  Process	  is	  discussed	  on	  the	  Appendix	  Chapter	  6.3	  2	  Poisson	  Process	  is	  discussed	  on	  the	  Appendix	  Chapter	  6.2	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   !!"! = !!"!!" + !!"!!!! ,            ! ∈ 0,+∞)	   (4)	  	   In	  equation	  (4)	  μ	  is	  the	  percentage	  return	  of	  volatility	  per	  unit	  of	  time	  or	  the	  drift	  and	  σ	  is	  the	  volatility	  of	  the	  volatility.	  Both	  parameters	  are	  proportional	  to	  the	   level	   of	   volatility.	  Therefore	   if	   in	   the	  present	   the	  volatility	   is	   high	   it	   is	   also	  expected	   in	   the	   very	   next	  moment	   to	   remain	   high.	   Same	  when	  !"!	  approaches	  zero	  considerably	  smaller	  changes	  are	  observed	  in	  !!"! .	  Generally	   	  we	  observe	  that	  the	  current	  level	  of	  volatility	  has	  a	  proportional	  effect	  to	  the	  volatility.	  The	  drift	   and	   the	   diffusion	   parameters	   are	   interdepended	   in	   the	   available	  information	  at	  the	  given	  time	  t.	  Solving	  equation	  (4)	  for	  !"!	  produces	  the	  following	  form	  (5);	  	  	   !"! = !"!! !!!!!! ,              ! ∈ 0,+∞)	   (5)	  	  	   The	   above	   equations	   describe	   an	   exponential	   growth	   of	   volatility	   as	   a	  function	  of	  time	  and	  volatility	  is	  lognormally	  distributed.	  From	  the	  properties	  of	  lognormally	  distributed	  variables	  we	  get;	  	  	   ! !"! = !"!!!"	   (6)	  	  	  	   !"# !"! = !"!!!!!! !!! − 1 	   (7)	  	   The	  above	  equations	  (6),(7)	  suggest	  that	  the	  Geometric	  Brownian	  Motion	  Process	   is	   ideal	   for	   modeling	   processes	   that	   fluctuate	   randomly	   around	   an	  exponential	   trend.	   Under	   the	   Geometric	   Brownian	   Motion	   Process,	   !"! 	  is	  lognormaly	  distributed	  with	  a	  density	  function	  	  (8);	  	  	   ! log !" ! + ! log !" ! ,! = 12!!! !"# − !! − !" !2!!! 	   (8)	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where	  	   ! = ! − 12!!	   (9)	  	  and	  	   !! = log !" ! + !!" ! ~! !",!!! 	   (10)	  	  the	  set	  of	  the	  parameters	  to	  be	  estimated	  are	  ! = !,! .	  	  The	   jump-­‐augmented	   model	   for	   the	   (GBMP)	   will	   be	   regarded	   as	  Geometric	  Brownian	  Motion	  Process	  with	   Jumps	   (GBMPJ).	  The	   general	   form	   is	  presented	  below().	  	  	   !!"! = !!"!!" + !!"!!!! + !"!!	   (11)	  	   The	  probability	  density	  function	  for	  GBMPJ	  is	  given	  by;	  	  
	   ! log !" ! + ! log !" ! ,!= !" !!!!!!! 12! !!! + !!! !"# − !! − !" − !! !2 !!! + !!! 	   (12)	  	   Where	   ! 	  is	   the	   number	   of	   jumps,	   ! is	   the	   sampling	   frequency	   and	  ! = ! − !!!!	  	  
3.1.2	  Mean	  Reverting	  Gaussian	  Process	  (MRGP)	  	   Mean	   Reverting	   Gaussian	   Process	   is	   also	   called	   Ornstein-­‐Uhlenbeck	  Process	   and	   has	   been	   proposed	   to	   capturing	   the	   mean	   reverting	   empirical	  property	   of	   volatility.	   Furthermore	   has	   been	   proven	   by	   Nelson	   that	   MRGP	  represents	   the	  diffusion	   limit	  of	   the	  GARCH(1,1)	  model.	  The	   functional	   form	  of	  the	  process	  is	  presented	  below	  (13)	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   !!"! = ! ! − !"! !" + !!!! ,              ! ∈ 0,+∞)	   (13)	  	  	   In	  equation	  (17)	  the	  constant	  parameters	  θ	  and	  κ	  represent	  the	  long	  run	  mean	  and	  the	  rate	  of	  the	  mean	  reversion	  respectively.	  The	  anticipated	  change	  of	  volatility	  is	  shown	  in	  equation	  (18);	  	  	   ! !!"! = ! ! − !"! !" + !" !!! = ! ! − !"! 	   (14)	  	   If	   	  !"!	  is	  greater	   that	  θ	   then	   the	  portion	   ! − !"! 	  is	  negative	  and	  which	  effectively	   implies	   that	  volatility	   is	   expected	   to	  have	  negative	  value	   in	   the	  next	  fraction	  of	  time	  and	  therefore	  !"!	  is	  expected	  to	  fall.	  In	  the	  other	  way	  if	  the	  value	  of	  θ	  is	  larger	  than	  !"!	  the	  opposite	  effects	  are	  expected	  in	  volatility.	  In	  a	  nutshell	  the	  volatility	  follows	  a	  trend	  that	  is	  determinate	  by	  the	  current	  level	  of	  volatility.	  Therefore	   the	   value	   of	   volatility	   will	   fluctuate	   around	   the	   level	   of	   θ	   while	   σ	  mirrors	  the	  level	  of	  uncertainty.	  Solving	  equation	  (14)	  we	  derive	  the	  solution	  of	  the	  generalized	  MRGP	  form	  (15).	  ;	  	   !"! = ! = !"! − ! !!!! + ! !!!!!!!                    ! ∈ 0,+∞)!! 	   (15)	  	  In	   the	   above	   formula	   (9)!"!	  is	   normally	   distributed	   with	   expected	   value	   and	  variance	  of	  !"!	  given	  by	  	  	   ! !"! = ! + !"! − ! !!!!	   (16)	  	  	   !"# !"! + !!2! 1− !!!!! 	   (17)	  	   Stretching	  the	  model	  for	  the	  above	  equations	  yields	  	  	   lim!→! !"! = !	  	  and	  	  lim!→! ! !"! = !	   (18)	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   lim!→! !"! = !	  	  and	  lim!→! ! !"! = !	   (19)	  	  	   lim!→!!"# !"! = !!2!	   (20)	  	  For	   equation	   (20)	   as	   κ	   receives	   greater	   values,	  !"!	  approaches	   faster	   θ	   to	   a	  constrained	  range	  of	  fluctuation	  of	  !"!	  around	  θ.	  Equations	  (18)	  and	  (19)	  prove	  the	  initial	  hypothesis;	  In	  the	  long	  run	  the	  underlying	  volatility	  returns	  to	  its	  long	  run	   mean	   value.	   Finally	   since	   the	   values	   of	   	  !"!	  in	   Mean	   Reverting	   Gaussian	  Process	  are	  normally	  distributed,	  volatility	  is	  allowed	  to	  receive	  negative	  values	  which	   is	   not	   acceptable	   by	   definition	   for	   volatility.	   Under	   the	  Mean	   Reverting	  Gaussian	  Process	  (MRGP),	  !"!	  is	  normally	  distributed	  with	  a	  conditional	  density	  (21);	  	   ! !" ! + ! !" ! ,! = 12!! !"# − !" ! + ! −!! !2!! 	   (21)	  	  Where	  	  	   !! = ! + !"! − ! !!!"	   (22)	  	  and	  	  	  	   !! = !!2! 1− !!!!" 	   (23)	  	  the	  set	  of	  the	  parameters	  to	  be	  estimated	  are	  ! = !,!,! .	  The	   general	   form	   of	   Mean	   Reverting	   Gaussian	   Process	   with	   Jumps	   is	  presented	  below	  (24);	  	  	  	   !!"! = ! ! − !"! !" + !!!! + !"!!	   (24)	  	  The	  Mean	   Reverting	   Gaussian	   Process	   (MRGP)	   and	   the	  Mean	   Reverting	  Gaussian	   Process	   with	   Jumps	   (MRGPJ)	   do	   not	   posses	   a	   known	   density	   and	  particular	  in	  the	  case	  of	  Mean	  Reverting	  Gaussian	  Process	  where	  the	  jumps	  size	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follows	   an	   asymmetric	   double	   exponential	   distribution	   the	   characteristic	  function	  will	  be	  the	  following	  (25);	  	  	  	   ! !"! , !  ; !,! = !"# ! !; ! + ! !; ! !"! 	   (25)	  	  Where	  
	  
! !; ! = !"! 1− !!!! − !!!! 1− !!!!"4!
+ !! !" !"#$%& !!! − !"#$%& !!!"!!!
+ ! 1− ! !"#$%& !!!"!!! − !"#$%& !!!
+ !2! ! log !!! + !!!!"!! + log !!! + !!+ 1− ! log   !!! + !!!!"!! + log !!! + !! 	  
(26)	  
	  and	  	  	  	   ! !; ! = !"!!!"	   (27)	  	  
3.1.3	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRP)	  
	   The	  Mean	  Reverting	  Square	  Root	  Process	  has	  been	  proposed	  as	  a	  model	  to	   prevent	   the	   volatility	   from	   taking	   negative	   values	   as	   in	   the	   case	   of	   Mean	  Reverting	  Gaussian	  process.	  The	  general	  form	  of	  MRSRP	  is	  presented	  in	  equation	  (28)	  below	  	  	   !!"! = ! ! − !"! !" + ! !"!!!! , ! ∈ 0,+∞)	   (28)	  	   In	   this	   process	   the	   drift	   term	   is	   similar	   tο	   the	   MRGP	   but	   the	   diffusion	  coefficient	   has	   a	   square	   root	   of	  !"! 	  enhancing	   the	   complexity	   of	   the	   model	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comparing	  to	  the	  rest	  of	  the	  models.	  The	  solution	  of	  the	  process	  is	  presented	  in	  equation	  (29).	  	  	   !"! = ! + !"! − ! !!!!!!!!! !!!!!! !"!!!!, ! ∈ 0,+∞)	   (29)	  	  Equation	  (29)	  is	  a	  non	  linear	  equation	  which	  implies	  that	  volatility	  is	  not	  normally	   distributed,	   following	   a	   non-­‐central	   chi-­‐squared	   distribution3	  with	   a	  density	   function	  !! 2!!"!; 2! + 2, 2! 	  with	  2! + 2	  degrees	   of	   freedom	   and	  2!	  parameter	  of	  non	  centrality	  as	  proven	  by	  Cox,	  Ingersoll	  and	  Ross(Cox,	  Ingersoll	  Jr	   et	   al.	   1985).	   The	   expected	   value	   (30)	   and	   the	   variance	   of	   volatility	   (31)	   are	  presented;	  	  	   ! !"! = !"!!!!! + ! 1− !!!! 	   (30)	  	  	  	   !"# !"! = !"! !!!   !!!! − !!!!! + !!! 1− !!!! !	   (31)	  	  	   For	  equations	  (29),	  (30),	  (31)	  the	  following	  limits	  are	  acquired;	  	  	   lim!→! !"! = !	  	  and	  lim!→! ! !"! = !	   (32)	  	  	   lim!→!!"# !"! = !!2!	   (33)	  	  
	   Commenting	  on	  the	  above	  equations	  we	  observe	  that	  as	  time	  t	  approaches	  infinity	  the	  expected	  value	  of	  volatility	  reverts	  to	  the	  long	  run	  mean	  level.	  As	  κ	  approaches	  infinity	  the	  variance	  of	  volatility	  takes	  positive	  numbers	  until	  it	  become	  zero.	  Under	  the	  Mean	  Reverting	  Square	  Root	  Process	  the	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  3	  The	  chi-­‐square	  distribution	  is	  provided	  in	  the	  Appendix	  Chapter	  6.3	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volatility	  is	  distributed	  according	  to	  a	  non	  central	  chi-­‐squared	  distribution,	  and	  the	  probability	  density	  is	  given	  by	  (34);	  	  	   ! !" ! + ! !" ! ,! = !!!!!! !! !! !! 2 !" !!   	   (34)	  	   Where	  	  	   ! = 2!!! 1− !!!! ,	   (35)	  	  	   ! = !"# ! !!!! ,	   (36)	  	  	   ! = !"# ! + ! ,	   (37)	  	  and	  	  	   ! = 2!"!! − 1	   (38)	  	   The	  set	  of	  the	  parameters	  to	  be	  estimated	  are	  ! = !,!,! .	  	  The	  general	   form	  of	   the	   jump-­‐augmented	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRJ)	  is	  presented	  bellow	  (39);	  	  	   !!"! = ! ! − !"! !" + ! !"!!!! + !"!!	   (39)	  	  Like	   the	   Mean	   Reverting	   Gaussian	   Process	   with	   jumps,	   the	   Mean	   Reverting	  Square	  Root	  Process	  with	  Jumps	  (MRSRPJ)	  do	  not	  posses	  either	  a	  known	  density	  and	   for	   the	   case	   that	   the	   jump	   sizes	   follow	   an	   asymmetric	   double	   exponential	  distribution	   will	   have	   the	   same	   characteristic	   function	   (25)	   like	   the	   Mean	  Reverting	  Gaussian	  Process.	  With	  parameters	  of	  A	  (40)	  and	  B	  (41)	  of	  	  	   ! !; ! = ! !; ! + !! !; ! + !! !; ! 	   (40)	  	  and	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   ! !; ! = !!"!!!"! − 12 !!!! 1− !!!" 	   (41)	  	  	  	  Where	  	  
	   ! !; ! = − 2!"!! × log ! − 12 !!!! 1− !!!"! ,	   (42)	  	  
	   !! !; ! = 2!"2! − !!!!× log ! − 12 !!!! + !" !
!2 − !!! !!!"! + !"!!! ,	   (43)	  and	  
	   !! !; ! = 2! 1− !2! − !!!!× log ! − 12 !!!! + !" !
!2 − !!! !!!"! + !"!!! 	   (44)	  	   The	  jump	  altitude	  for	  the	  Geometric	  Brownian	  Motion	  Process	  with	  Jumps	  (GBMJ)	   is	   log-­‐normally	  distributed	   following	  Merton’s	  approach(Merton	  1976),	  with	  mean	  μj	  and	  standard	  deviation	  σj.	  	  The	  rest	  of	  the	  processes	  correspond	  to	  mean	  reverting	  processes	  with	  a	  speed	  of	  mean	  reversion	  κ	  and	  an	  unconditional	  long	   run	  mean	   θ.	   For	   these	   processes	   y	   is	   drawn	   from	   an	   asymmetric	   double	  exponential	  distribution	  (Kou	  and	  Wang	  2004)	  with	  density;	  	  	   ! ! = !!!!"# −!!! 1 !!! + !!!!"# !!! 1 !!! 	   (45)	  	   where,	  	   !, ! ≥ 0,	   (46)	  	  	   ! + ! = 1	   (47)	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In	   equation	   (47),	  !	  and	  !	  correspond	   to	   the	   probabilities	   of	   the	   upward	   and	  downward	   jump	   respectively.	   The	   adoption	   of	   the	   double	   exponential	  distribution	  for	  the	  jump	  component	  allows	  the	  incorporation	  to	  the	  model	  both	  positive	  and	  negative	  jumps	  in	  the	  model.	  Discussing	  on	  the	  presented	  process	  we	  observe	  that	  the	  Geometric	  Brownian	  Motion	  Process	  (GBPM)	  is	  a	  tractable	  process	  but	  do	  not	  capture	  the	  mean	  reverting	  nature	  of	  volatility	  as	  observed	  empirically.	  Mean	  Reverting	  Gaussian	  Process	  (MRGP)	  conforms	  to	  the	  mean	  reverting	  nature	  of	  volatility	  but	  does	  not	  constrain	  by	  nature	  volatility	  from	  taking	  negative	  values.	  The	  Mean	  Reverting	  Square	  root	  Process	  (MRSRP)	  ensures	  positive	  values	  for	  volatility	  but	  possesses	  a	  more	  complex	  chi-­‐square	  distribution	  that	  makes	  the	  model	  more	  complex	  to	  process.	  	  
	  
3.2	  Information	  Criteria	  and	  Statistical	  Modeling	  
	  
3.2.1	  Log	  Likelihood	  	   When	  assessing	  the	  performance	  of	  a	  model	  in	  terms	  of	  fit,	  we	  may	  assess	  this	  model,	  by	  approximating	  the	  proximity	  of	  tis	  probability	  distribution	  to	  the	  distribution	  of	  the	  true	  distribution	  ! ! .	  For	  the	  measurement	  of	  this	  attribute	  Akaike(Akaike	   1973)	   proposed	   the	   Kullback-­‐Leibler	   Information	   Criterion,	  usually	  noted	  as	  K-­‐L	  information	  and	  it	  is	  expressed	  in	  the	  general	  form	  ()below.	  	  	   ! !;! = !! log ! !! ! ,	   (48)	  	   Where	  !! 	  is	  the	  expectation	  with	  respect	  to	  the	  probability	  distribution	  !.	  The	   K-­‐L	   criterion	   produces	   two	   different	   variations	   of	   its	   general	   form	   for	  	  discrete	   (50.b)	   and	   continuous	   (50.a)	   probability	   distribution	   functions.	   From	  the	  unification	  of	  the	  two	  models	  we	  may	  arrive	  to	  the	  general	  expression	  of	  the	  K-­‐L	  information	  criterion.	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   ! !; ! = log ! !! ! !" !   	   (49)	  	  
	   = log ! !! ! ! ! !",      (!)
!
!!! !! log ! !!! !! ,      !!!!     (!) 	   (50)	  	   However,	  the	  applicability	  of	  the	  K-­‐L	  information	  criterion	  is	  narrowed	  to	  certain	   cases	   due	   to	   the	   fact	   that	   this	   criterion,	   includes	   the	   unknown	  distribution	  !.	   Therefore	   the	   exact	   value	   ot	   the	  K-­‐L	   criterion	   can	   not	   be	   easily	  calculated.	   To	   confront	   this	   issue	   we	   may	   decompose	   the	   K-­‐L	   information	  criterion	  to	  the	  following	  form	  (51);	  	  	   ! !; ! = !! !"# ! !! ! = !! log! ! − !! log ! ! 	   (51)	  	   What	  we	  actually	  obtain	  from	  the	  expansion	  of	  the	  model	  is	  that	  aiming	  to	  compare	  different	  models,	  we	  observe	  that	  on	  the	  right	  hand	  side,	  the	  term	  !! log! ! 	  is	  solely	  depended	  on	  the	  true	  distribution	  !	  and	  is	  held	  constant	  and	  therefore	  the	  second	  term	  of	  the	  right	  hand	  side	  of	  the	  model	  can	  be	  considered	  sufficient.	  This	  term	  is	  called	  the	  expected	  log-­‐likelihood	  and	  can	  be	  used	  to	  evaluate	  for	  the	  performance	  of	  a	  model.	  Specifically	  the	  model	  exhibits	  the	  better	  performance	  the	  higher	  the	  value	  of	  the	  term	  !! log ! ! 	  is.	  The	  expected	  log	  likelihood	  may	  be	  presented	  for	  the	  continuous	  models	  ()	  and	  discrete	  models	  in	  the	  following	  general	  form.	  	  	   !! log! ! = log ! ! !" ! ,	   (52)	  	  
	   = ! ! log ! ! !",
!
!! ! !! log ! !! ,!!!! 	   (53)	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   However	   the	   expected	   log	   likelihood	   is	   still	   depended	   on	   the	   true	  distribution	  ! ,	   rendering	   a	   non	   mathematically	   tractable	   model.	   Therefore	  another	  route	  should	  be	   followed	  to	  approach	  explicitly	  computational	  models.	  This	   should	   be	   made	   possible	   by	   substituting	   the	   unknown	   probability	  distribution	   with	   an	   empirical	   distribution	  !	  constructed	   from	   data	  !!	  with	   a	  probability	  function	  of	  ! !! = 1 !	  ,	   ! = 1,2,… ,! 	  with	  an	  equal	  probability	  of	  1 !	  for	  each	  observation.	  Implementing	  the	  above	  in	  the	  model	  we	  get	  	  
	   !! log ! ! = log ! ! !! ! = !
!
!!! !! log ! !!= 1! log ! !!!!!! 	  
(54)	  
	   Moreover,	  the	  law	  of	  the	  large	  numbers	  dictates	  that	  in	  the	  case	  that	  the	  number	  of	  observations	  tends	  to	  infinity,	  the	  mean	  of	  the	  random	  variables	  converges	  in	  probability	  to	  its	  expectation.	  Thus	  we	  may	  presume	  that	  the	  outcome	  of	  (53)	  is	  a	  natural	  estimate	  of	  the	  anticipated	  log	  likelihood,	  and	  with	  further	  manipulations	  the	  estimate	  of	  the	  expected	  likelihood	  (54)	  is	  the	  log	  likelihood	  of	  the	  model	  (55).	  	  
	   ! log ! ! !! ! = log ! !!!!!! 	   (55)	  	  In	  the	  case	  the	  model	  is	  given	  in	  the	  form	  of	  a	  probability	  distribution	  ! ! ! 	  the	  log	  likelihood	  can	  be	  determined	  for	  each	  !   ∈   Θ	  ,	  we	  may	  derive	  the	  log-­‐likelihood	  function(56);	  	  
	   ℓ ! = log ! !! !!!!! 	   (56)	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In	  the	  above	  equation	  (56)	  has	  to	  be	  defined	  a	  natural	  estimator	  of	  !	  by	  finding	  the	  maximizer	  !   ∈   Θ	  of	  the	  ℓ ! 	  that	  should	  satisfy	  the	  equation	  (57)	  below.	  	   ℓ ! = max!∈! ℓ ! 	   (57)	  	   This	  approach	  is	  called	  maximum	  likelihood	  method	  and	  !	  is	  regarded	  as	  the	  maximum	  likelihood	  estimator.	  	  
3.2.2	  Bayesian	  Information	  Criterion	  	  A	   second	   criterion	   for	   the	   valuation	   of	   the	   fitting	   of	   the	   proposed	  processes	   in	   the	  model,	   will	   be	   the	   Bayesian	   information	   Criterion	   (BIC).	   This	  criterion,	  was	  advised	  as	  an	  evaluation	  criterion	  by	  Schwarz	  aiming	  to	  measure	  the	   efficiency	   of	   a	   model	   in	   terms	   of	   complexity.	   Therefore,	   assuming	  !! 	  is	   a	  model	   characterized	   by	   a	   parametric	   distribution	   !! ! !! ,	   for	   ! 	  given	  observations	  of	  !!,	  the	  marginal	  probability	  of	  !!	  for	  the	  !!!	  model	  of	  !! 	  is	  given	  by	  equation	  (58)	  below	  and	  can	  be	  considered	  as	  the	  likelihood	  of	  the	  respected	  model:	  	   !! !! = !! !! !! !! !! !!! 	   (58)	  	   In	  line	  with	  the	  Bayesian	  theorem,	  considering	  the	  prior	  probability	  of	  the	  !!!	  model	  will	  be	  denoted	  as	  ! !! ,	  while	  the	  posterior	  probability	  of	  the	  model	  is	  nested	  in	  the	  following	  quantity	  (59)	  	  	   ! !! !! = !! !! ! !!!! !! ! !!!!!! ,              ! = 1,2,… , !	   (59)	  	   Equation	  (59)	  of	  the	  posterior	  probability,	  calculates	  the	  probability	  that	  tha	  data	  are	  produced	  from	  the	  !!!	  model	  for	  !!	  observations.	  Therefore,	  from	  a	  number	   of	   ! 	  models,	   the	   optimal	   model	   should	   maximize	   the	   probability	  ! !! !! .	  Since	  the	  denominator	  of	  the	  portion	  is	  common	  for	  all	  the	  models,	  we	  are	  mainly	   interested	  in	  that	  model	  that	  maximizes	  !! !! ! !! .	   	  The	  Bayesian	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information	  Criterion	  can	  be	  defined	  in	  the	  form	  of	  the	  formula	  below	  as	  derived	  through	  Laplace	  integral	  approximation.	  	  
	   −2 log!! !! = −2 log !! !! !! !! !! !!!≈ −2 log !! !! !! + !! log!! ,	   (60)	  	  	   BIC = −2 log !! !! !! + ! log!	   (61)	  	  Where	  !!	  is	  the	  maximum	  Likelihood	  estimator	  of	  !! 	  dimension	  parameter	  of	  !!	  of	   the	   model	  !! ! !! .	   Thus	   from	   the	  !	  number	   of	   candidate	   models	   for	   the	  evaluation	  using	  the	  maximum	  likelihood,	  the	  model	  that	  minimizes	  the	  value	  of	  BIC	  is	  considered	  as	  the	  optimal.	  
	  
3.3	  Pricing	  formulas	  for	  electricity	  CSS	  and	  CDS	  options	  	   	  Having	  identified	  the	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRP)	  and	  its	   jump	  counterpart	   (MRSRPJ)	  as	   the	  most	  efficient	  model	   for	   the	  modeling	  of	  the	   dynamics	   of	   the	   Clean	   Spread	   in	   the	   majority	   of	   the	   models,	   in	   this	   sub	  chapter,	  a	  call	  option	  for	  the	  Uk	  Clean	  Spark	  Spread	  (!""	  )	  will	  be	  valuated	  using	  the	  best	  performing	  model	  according	  to	  the	  results	  presented	  in	  Chapter	  4.	  For	   the	   pricing	   of	   	   clean	   spread	  we	   shall	  make	   the	   assumption	   that	   the	  underlying	  assets	  can	  be	  traded	  and	  there	  is	  no	  model	  risk.	  Additionally	  we	  shall	  adopt	   the	   standard	   practice	   of	   a	   zero	   jump	   risk	   premium.	   And	   a	   value	   for	   the	  volatility	  risk	  of	  the	  market	  r=5%.	  	  	  	   !!"! = ! ! − !""! − !"##$ !" + ! !""!!!! + ! − 1 !"	   (62)	  	  or	  equivalently	  	  	   !!"! = !∗ !∗ − !"! + ! !"!!!! + ! − 1 !"	   (63)	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where	  for	  the	  above	  equation(67),	  	  	   !∗ = ! + !,	   (64)	  	  	   !∗ = !"! + !	   (65)	  	   Mean	  Reverting	  Square	  Root	  Process	   (MRGPJ)	   is	  known	  not	   to	  posses	  a	  known	  probability	  density	  function.	  Lets	  assume	  !! !"",! 	  the	  price	  of	  a	  futures	  contract	   on	  !""!	  at	   time	  !	  with	   time	   to	  mature	  !.	   For	  !,!! !"",! 	  representing	  the	   equivalent	   martingale	   measure,	   the	   former	   function,	   is	   equal	   with	   the	  conditional	  expectation	  of	  !""!	  at	  time	  !	  of	  the	  information	  up	  to	  time	  !	  or	  else;	  	  	   !! = !!! !""! 	   (66)	  	   Having	   considered	   the	   fact	   that	   Mean	   Reverting	   Square	   Root	   Process	  (MRSRPJ)	   does	   not	   have	   a	   known	   density,	   we	   may	   derive	  !!! !""! 	  from	   the	  characteristic	   function	   once	   with	   respect	   to	   ! 	  and	   then	   by	   assessing	   the	  derivative	  at	  ! = −!	  	  
	   !!! !""! = !""!!!!∗ !!! + !∗ 1− !!!∗ !!!+ !!∗ 1− !!!∗ !!! 1!	   (67)	  	   Therefore	  the	  price	  ! !"! ,! − !;   ! 	  of	  a	  European	  call	  option	  written	  on	  the	  Clean	  Spread	  with	  strike	  price	  !	  at	  time	  !	  and	  maturity	  at	  !	  is	  then	  given	  by;	  	  
	   ! !"! ,! − !;!=! !"! ,! − ! !! !,! − !− !"# −!"   !!! !,! − ! 	   (68)	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Where	  	  
	   ! !"! ,! − ! = !"# −! ! − ! !"!+ !"# −! ! − ! 1− !"# −! ! − ! ! + ! !" 	   (69)	  	  and	  the	  probabilities	  !!,	  !!	  are	  given	  by	  	  
	   !! !,! − ! = 12+ 1! !" !!!"#×!! !"! ,! − !;!!" !"!! 	   (70)	  	  for	  the	  components	  of	  the	  above	  equation	  (70)	  for	  ! = 1,2	  	  	   !! !"! ,! − !;! = ! !"! ,! − !;!!! !"! ,! − !; 0 	   (71)	  	  	   !! !"! ,! − !;! = exp  (−!")! !"! ,! − !;! 	   (72)	  	   	  !! !"! ,! − !; 0 	  is	   the	   first	   derivative	   of	  !! !"! ,! − !; 0 	  with	   respect	   to	  !	  for	  ! = 0	  For	  the	  derivation	  of	  equation	  (72)	  the	  approach	  described	  in	  Bakhsi	  and	  Madan(Bakshi	  and	  Madan	  2000)	  was	  followed.	  The	  probabilities	  !!,	  !!	  are	  also	  provided	  by	  the	  work	  of	  Bakhsi	  and	  Madan.	  	  
3.4	  Data	  Description	  
	   	  	   In	   this	  master	   thesis	   the	  analysis	  will	  be	  performed	   for	   the	  Clean	  Spark	  Spread	   and	   the	   Clean	   Dark	   spread	   for	   Germany	   and	   the	   United	   Kingdom.	   The	  data	   series	   were	   obtained	   from	   Bloomberg.	   The	   series	   are	   sampled	   at	   daily	  frequencies	   and	   are	   calculated	   using	   monthly	   peak	   load	   prices	   for	   electricity	  futures,	   monthly	   fuel	   price	   futures	   for	   natural	   gas	   and	   coal	   and	   spot	   EUA	  emission	  allowance	  prices.	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For	  electricity	  the	  indexes	  used	  as	  inputs	  for	  the	  model	  are	  (ELUPM	  X13)	  for	   the	   United	   Kingdom	   and	   (ELGPM	   X13)	   for	   Germany	   electricity	   markets.	  These	   indexes	  refer	   to	   future	  monthly	  electricity	  peak	   load	  prices	  and	  they	  are	  denoted	  in	  the	  local	  currency.	  (API2M	  X13)	  is	  the	  benchmark	  price	  reference	  for	  steam	  coal	  imported	  into	  northwest	  Europe	  (Amsterdam,	  Rotterdam,	  Antwerp.	  It	  is	   calculated	   as	   an	   average	   of	   the	   Argus	   CIF	   ARA	   assessment	   and	   the	   IHS	  McCloskey	   NW	   Europe	   Steam	   Coal	   marker	   and	   its	   values	   are	   calculated	   in	  USD/metric	   tonne.	  For	  natural	  gas	   two	   indexes	  are	  used:	   (NBPGM	  X13)	   for	  UK	  and	  (TTFGM	  X13	  Index)	   for	  Germany.	  The	   former	   is	   the	  UK	  National	  Balancing	  Point	   price	   index	   in	   GBp/Therm	   and	   the	   latter	   is	   the	   virtual	   TTF	   gas	   hub	  covering	  all	  high	   calorific	   entry	  and	  exit	  points	   in	   the	  Netherlands	  as	   the	  most	  liquid	   gas	   price	   index	   in	   the	   region.	   The	   calculated	   values	   are	   denoted	   in	  EUR/MWh.	  (MOZ	  3)	  is	  the	  price	  for	  emissions	  on	  ICE	  ECX	  platform.	  Furthermore	  for	  clean	  spark	  and	  clean	  dark	  spread	  conversion	  factors	  for	  the	   efficiency,	   the	   heat	   rate	   and	   the	   CO2	   adjustment	   are	   used	   accordingly	   as	  specified	  by	  the	  coresponding	  organizations.	  	  
3.4.1	  Uk	  Dark	  Spread	  PDGBM1	  index	  	   The	  index	  PDGBM1	  represents	  UK	  dark	  spread	  -­‐	  the	  theoretical	  margin	  from	  producing	  power	  from	  coal.	  The	  spread	  components	  include	  power	  (ELUPM	  X13)	  index,	  fuel	  (API2M	  X13)	  index	  and	  carbon	  (MOZ3).	  	  Data	  is	  the	  last	  value	  of	  the	  spread,	  which	  is	  displayed	  in	  GPB/MWh.	  The	  formula	  used	  for	  calculation	  is	  	  	  (ELUPM	   X13)	   –(API2M	   X13)*	   0.143312	   *	   (FX1MUSGB)	   /	   0.36000	   -­‐	   (MOZ3)	   *	  (FX1MEUGB)	  +	  UK_Co2Tax)	  *	  0.95000).	  	  	  	  The	  efficiency	  and	  carbon	  values	  used	  are	  Efficiency	  (0.36),	  Heat	  Rate	  (9478),	  and	  CO2	  Adj.	  (0.95).	  Due	  to	  the	  fact	  that	  (API2M	  X13)	  is	  calculated	  in	  USD/tonne	  the	  FX1MUSGB	  index	  is	  used	  for	  the	  conversion	  to	  GBp/tonne.	  Same	  with	  (MOZ3)	  which	  is	  denoted	  in	  EUR/tonne	  and	  the	  exchange	  rate	  FX1MEUGB	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from	  EUR	  to	  British	  Pounds	  is	  used.	  Below	  the	  evolution	  of	  the	  Clean	  Dark	  Spread	  price	  evolution	  from	  1/10/2009	  to	  7/10/2013	  is	  presented	  below.	  	  
	  
Figure	  1	  	  
3.4.2	  Uk	  Spark	  Spread	  PSGBM1	  index	  	   The	  index	  	  PSGBM1	  represents	  UK	  spark	  spread	  -­‐	  the	  theoretical	  margin	  from	  producing	  power	  from	  natural	  gas.	  The	  spread	  components	  include	  power	  (ELUPM	  X13),	  fuel	  (NBPGM	  X13)	  and	  carbon	  (MOZ3).	  The	  formula	  used	  for	  calculation	  is	  	  	  (ELUPM	   X13)	   –	   (NBPGM	   X13)	   *	   	   34.129693	   *	   0.01	   /	   0.49131	   -­‐	   (MOZ3)	   *	  (FX1MEUGB)	  +	  UK_Co2Tax)	  *	  0.42000).	  	  
	   The	  efficiency	  and	  carbon	  values	  used	  are	  Efficiency	  (0.49131),	  Heat	  Rate	  (6945),	  Fixed	  Cost	  (0)	  and	  CO2	  Adj.	  (0.42).	  In	  the	  above	  formula	  a	  factor	  of	  34.129693	  *	  0.01	  is	  used	  for	  the	  conversion	  of	  the	  Therms	  to	  Kwh	  and	  the	  EUR	  to	  GBp	  (FX1MEUGB)	  exchange	  rate	  for	  the	  price	  conversion	  of	  EUA’s	  to	  GBp.	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Figure	  2	  	  
3.4.3	  German	  Spark	  Spread	  PDGYM1	  index	  	   The	  PDGYM1	  index	  represents	  German	  dark	  spread	  -­‐	  the	  theoretical	  margin	  from	  producing	  power	  from	  coal.	  The	  spread	  components	  include	  power	  (ELGPM	  X13	  Index),	  fuel	  (API2M	  X13)	  and	  carbon	  (MOZ3).	  The	  formula	  used	  for	  calculation	  is	  	  	  (ELGPM	  X13)	  –	   (API2M	  X13)	  *	  0.143312	  *	   (FX1MUSEU)	  /	  0.36000	   -­‐	  0.00000	  –	  (MOZ3)*	  0.95000	  	   In	  the	  formula	  the	  efficiency	  and	  carbon	  values	  used	  are	  Efficiency	  (0.36),	  Heat	  Rate	  (9478),	  Fixed	  Cost	  (0)	  and	  CO2	  Adj.	  (0.95)	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Figure	  3	  	  
3.4.4	  Germany	  Spark	  Spread	  PSGYM1	  index	  	   The	  index	  PSGYM1	  represents	  Germany	  spark	  spread	  -­‐	  the	  theoretical	  margin	  from	  producing	  power	  from	  natural	  gas.	  The	  spread	  components	  include	  power	  (ELGPM	  X13),	  fuel	  (TTFGM	  X13)	  and	  carbon	  (MOZ3).	  The	  formula	  used	  for	  calculation	  is	  	  	  	  (ELGPM	  X13)-­‐	  (TTFGM	  X13	  )	  /	  0.49131	  -­‐	  0.00000	  –	  (MOZ3)	  *	  0.42000)	  	  	  The	  efficiency	  and	  carbon	  values	  used	  are	  Efficiency	  (0.49131),	  Heat	  Rate(6945),Fixed	  Cost	  (0)	  and	  CO2	  Adj.	  (0.42).	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Figure	  4	  	  Energy	  Broker	  pricing	  on	  Bloomberg	  updates	  on	  a	  near	  real-­‐time	  basis.	  It	  is	  important	  to	  note	  that	  updates	  only	  occur	  when	  there	  is	  activity	  in	  the	  market,	  so	  there	  may	  not	  be	  updates	  to	  every	  contract	  every	  day.	  When	  specific	  tickers	  expire	  we	   store	   their	   history.	   Generic	   tickers	  will	   run	   continuously.	   Electricity	  Contracts	  on	  Bloomberg:	  Prompt	  and	  Forward	  power	  	  prices	  on	  the	  ELEU	  page	  are	   quote	   for	   Baseload	   and	   Peakload.	   Baseload	   are	   24-­‐hour	   contracts	   (23:00-­‐23:00)	  and	  Peakload	  are	  12-­‐hour	  contracts	  (07:00-­‐19:00).	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4.Empirical	  Analysis	  	  	   	  
4.1	  Descriptive	  Statistics	  	  Below	  in	  table	  ()	  the	  descriptive	  statistics	  of	  the	  time	  series	  of	  the	  clean	  spark	  spreads	  and	  clean	  dark	  spread	  are	  presented.	  	  
Table	  1	  
	  	   uk	  peak	  	  coal	  
uk	  peak	  	  
gas	  
germany	  peak	  
coal	  
germany	  peak	  
gas	  
	  Mean	   19.71378	   9.483042	   18.13319	   7.502235	  
	  Median	   19.29	   9.26	   16.45	   10.22	  
	  Maximum	   33.65	   19.94	   47.18	   49.45	  
	  Minimum	   7.66	   1.92	   7.06	   -­‐17.94	  
	  Std.	  Dev.	   6.758696	   2.96651	   6.294471	   11.69102	  
	  Skewness	   0.229895	   0.753058	   0.867954	   -­‐0.110638	  
	  Kurtosis	   1.902799	   3.735164	   3.463686	   2.849395	  
	   	  	   	  	   	  	   	  	  
	  Jarque-­‐Bera	   48.94431	   97.72457	   134.6504	   3.044894	  
	  Probability	   0	   0	   0	   0.218177	  
	   	  	   	  	   	  	   	  	  
	  Sum	   16362.44	   7918.34	   18151.32	   7652.28	  
	  Sum	  Sq.	  
Dev.	   37868.7	   7339.353	   39620.36	   139277	  
	   	  	   	  	   	  	   	  	  
Observations	   830	   835	   1001	   1020	  
4.2	  Model	  Parameter	  Estimates	  Aiming	  to	  investigate	  the	  continuous	  time	  dynamics	  of	  the	  electricity,	  three	  stochastic	  diffusion	  processes	  were	  used	  as	  proxies	  for	  the	  data	  clean	  spark	  spread	  and	  clean	  dark	  spread	  prices	  as	  obtained	  from	  Bloomberg	  in	  a	  daily	  frequency	  for	  the	  period	  of	  January	  2009	  to	  October	  2013.	  After	  running	  the	  model	  in	  Matlab©	  Software	  we	  obtained	  the	  following	  results.	  The	  parenthesis	  in	  the	  tables	  denote	  t-­‐statistic.	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4.2.1	  UK	  Clean	  Dark	  Spread	  	  
Table	  2	  	  	   	  	   Diffusion	   	  	   	  	   Jump	  Diffusion	  	  	   GBMP	   MRGP	   MRSRP	   GBMPJ	   MRGPJ	   MRSRPJ	  
μ	  
	  0.204	  	   	  -­‐	  	   	  -­‐	  	   	  0.208	  	   	  -­‐	  	   	  -­‐	  	  	  (0.407)	   	  -­‐	  	   	  -­‐	  	   	  (0.749)	   	  -­‐	  	   	  -­‐	  	  
k	  
	  -­‐	  	   	  1.926	  	   	  2.141	  	   	  -­‐	  	   	  0.442	  	   	  0.778	  	  	  -­‐	  	   	  (1.535)	   	  (1.640)	   	  -­‐	  	   	  (0.722)	   	  (1.314)	  
θ	  
	  -­‐	  	   	  22.305	  	   	  22.045	  	   	  -­‐	  	   	  1.541	  	   	  7.568	  	  	  -­‐	  	   	  (4.756)	   	  (4.568)	   	  -­‐	  	   	  (0.044)	   	  (0.638)	  
σ	  
	  0.906	  	   	  15.252	  	   	  3.618	  	   	  0.262	  	   	  5.032	  	   	  0.880	  	  	  (40.631)	   	  (40.427)	   	  (40.403)	   	  (11.538)	   	  (12.585)	   	  (14.066)	  
λ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  112.681	  	   	  137.186	  	   	  62.489	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.880)	   	  (5.688)	   	  (8.123)	  
μj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.000	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (0.063)	   	  -­‐	  	   	  -­‐	  	  
σj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.077	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (11.717)	   	  -­‐	  	   	  -­‐	  	  
ρ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.403	  	   	  0.426	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.388)	   	  (7.285)	  
1/η1	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  1.043	  	   	  1.481	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (7.549)	   	  (7.687)	  
1/η2	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  1.435	  	   	  1.787	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.971)	   	  (9.266)	  BIC	   2455.34	   2291.87	   2324.92	   1910.539	   1783.526	   1758.54	  LIK	   -­‐1220.95	   -­‐1135.86	   -­‐1152.38	   -­‐938.475	   -­‐868.251	   -­‐855.758	  	  For	   the	  UK	   Clean	   Spark	   Spread,	   interpreting	   the	   values	   of	   the	   Bayesian	  Information	  Criterion	  and	  the	  Log	  Likelihood	  values,	  we	  observe	  the	   following:	  Among	  the	  diffusion	  and	  jump	  diffusion	  processes,	   the	   latter	  perform	  better	  by	  23.27%	   in	   parsimony	   and	   24.65%	   in	   likelihood.	   Focusing	   on	   the	   modeling	  processes	   we	   observe	   better	   performance	   of	   the	   Mean	   Reverting	   Gaussian	  Process	  (MRGP)	  yielding	  a	  dominancy	  of	  1.45%	  for	  the	  MRSRP	  and	  6.69%	  for	  the	  MRGP.	  For	  the	  jump	  Processes,	  Mean	  Reverting	  Square	  Root	  Process	  with	  Jumps	  prevail	  over	   the	  other	   two	   jump	  processes	  by	  1.43%	  for	   the	  MRGPJ	  and	  8.81%	  for	  the	  GBMPJ.	  	  	  
	  	  
4.2.2	  UK	  Clean	  Spark	  Spread	  	  
	   38	  
Table	  3	  	  	   	  	   Diffusion	   	  	   	  	   Jump	  Diffusion	  	  	   GBMP	   MRGP	   MRSRP	   GBMPJ	   MRGPJ	   MRSRPJ	  
μ	  
	  0.194	  	   	  -­‐	  	   	  -­‐	  	   	  0.341	  	   	  -­‐	  	   	  -­‐	  	  	  (0.235)	   	  -­‐	  	   	  -­‐	  	   	  (0.048)	   	  -­‐	  	   	  -­‐	  	  
k	  
	  -­‐	  	   	  11.285	  	   	  11.502	  	   	  -­‐	  	   	  4.426	  	   	  5.709	  	  	  -­‐	  	   	  (4.584)	   	  4.509	  	   	  -­‐	  	   	  (2.618)	   	  (3.076)	  
θ	  
	  -­‐	  	   	  9.196	  	   	  9.201	  	   	  -­‐	  	   	  8.579	  	   	  8.479	  	  	  -­‐	  	   	  (14.531)	   	  (14.999)	   	  -­‐	  	   	  (3.741)	   	  (5.412)	  
σ	  
	  1.496	  	   	  12.883	  	   	  4.251	  	   	  0.789	  	   	  5.293	  	   	  2.048	  	  	  (40.632)	   	  (39.877)	   	  (39.804)	   	  (15.008)	   	  (10.080)	   	  (11.292)	  
λ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  66.536	  	   	  203.830	  	   	  50.368	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (3.993)	   	  (4.592)	   	  (4.093)	  
μj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.003	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (0.280)	   	  -­‐	  	   	  -­‐	  	  
σj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.150	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (7.981)	   	  -­‐	  	   	  -­‐	  	  
ρ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.528	  	   	  0.536	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.103)	   	  (5.875)	  
1/η1	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  1.830	  	   	  1.630	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.131)	   	  (5.912)	  
1/η2	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  1.665	  	   	  1.490	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.823)	   	  (5.922)	  BIC	   2090.809	   1982.585	   1964.04	   1810.87	   1791.657	   1778.97	  LIK	   -­‐1038.69	   -­‐981.216	   -­‐971.942	   -­‐888.64	   -­‐872.316	   -­‐865.973	  	   Investigating	   the	   performance	   of	   the	   processes	   for	   the	  modeling	   of	   the	  dynamics	  of	  UK	  Clean	  Spark	  Spread	  the	  designated	  outputs	  have	  occurred.	  Jump	  diffusion	  processes	  have	  proven	  once	  more,	  more	  efficient	  in	  performance	  terms	  by	  9.42%	  for	  the	  selected	  Bayesian	  Criterion	  and	  by	  10.9%	  for	  the	  likelihood	  that	  the	   counterpart	   diffusion	   processes.	   In	   both	   diffusion	   and	   jump	   diffusion	  processes	   Mean	   Reverting	   Square	   Root	   Process	   (MRSRP)	   performed	   better	  among	   the	   other	   processes	   achieving	   a	   marginal	   0.94%	   and	   0.72%	   better	  performance	   than	   the	   closely	   following	  Mean	   Reverting	   Gaussian	   Process,	   and	  from	  5.42%	  to	  2.55%	  for	   the	  Geometric	  Brownian	  Motion	  Process	  (GBMP)	  and	  its	  jump	  augmented	  counterpart	  (GBMPJ).	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4.2.3	  Germany	  Clean	  Dark	  Spread	  	  	  	   	  	   Diffusion	   	  	   	  	  	   Jump	  Diffusion	   	  	  	  	   GBMP	   MRGP	   MRSRP	   GBMPJ	   MRGPJ	   MRSRPJ	  
μ	  
	  0.040	  	   	  -­‐	  	   	  -­‐	  	   	  0.366	  	   	  -­‐	  	   	  -­‐	  	  	  (0.055)	   	  -­‐	  	   	  -­‐	  	   	  (1.329)	   	  -­‐	  	   	  -­‐	  	  
k	  
	  -­‐	  	   	  8.085	  	   	  8.436	  	   	  -­‐	  	   	  4.699	  	   	  3.966	  	  	  -­‐	  	   	  (3.697)	   	  3.735	  	   	  -­‐	  	   	  (4.785)	   	  (3.201)	  
θ	  
	  -­‐	  	   	  18.423	  	   	  18.430	  	   	  -­‐	  	   	  16.350	  	   	  15.193	  	  	  -­‐	  	   	  (10.851)	   	  (11.759)	   	  -­‐	  	   	  (8.468)	   	  (6.844)	  
σ	  
	  1.334	  	   	  24.843	  	   	  5.597	  	   	  0.624	  	   	  10.274	  	   	  2.473	  	  	  (40.632)	   	  (40.028)	   	  (39.971)	   	  (19.958)	   	  (26.129)	   	  (27.883)	  
λ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  39.834	  	   	  58.673	  	   	  36.772	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (5.166)	   	  (5.925)	   	  (5.912)	  
μj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.013	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (0.751)	   	  -­‐	  	   	  -­‐	  	  
σj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.185	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (9.154)	   	  -­‐	  	   	  -­‐	  	  
ρ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.464	  	   	  0.500	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (5.951)	   	  (6.008)	  
1/η1	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.414	  	   	  0.469	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (6.680)	   	  (5.413)	  
1/η2	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.569	  	   	  0.550	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (5.242)	   	  (5.663)	  BIC	   3009.09	   3077.74	   2981.58	   2481.09	   2459.52	   2448.2	  LIK	   -­‐1497.83	   -­‐1528.79	   -­‐1480.71	   -­‐1223.75	   -­‐1206.25	   -­‐1200.59	  	   For	   the	   Jump	  augmented	   equations	  division	   the	  Mean	  Reverting	   Square	  Root	  Process	  (MRSRPJ),	  followed	  closely	  by	  the	  jump	  augmented	  Mean	  Reverting	  Gaussian	   Process	   (MRGPJ)	   yielded	   a	   marginal	   better	   operation	   of	   0.47%.	  Geometric	   Brownian	   Motion	   Process	   with	   Jumps	   	   (GBMJ)	   is	   the	   less	   efficient,	  allowing	   a	   1.89%	   precedence	   for	   the	   Mean	   Reverting	   Square	   root	   Process	  (MRSRP).	   Among	   the	   diffusion	   processes	   the	   Mean	   Reverting	   Square	   Root	  Process	   (MRSRP)	   has	   performed	   3.14%	   better	   than	   the	   Gaussian	   Process	  (MRGP)	  and	  1.14%	  better	  than	  Brownian	  model	  (GBMP).	  	  
	  
	  
	  	  
	   40	  
4.2.4	  Germany	  Clean	  Spark	  Spread	  	  
Table	  4	  	  	   	  	   Diffusion	   	  	   	  	   Jump	  Diffusion	   	  	  	  	   GBMP	   MRGP	   MRSRP	   GBMPJ	   MRGPJ	   MRSRPJ	  
μ	  
	  -­‐	  	   -­‐	   	  -­‐	  	   	  -­‐	  	   -­‐	   	  -­‐	  	  	  -­‐	  	   -­‐	   	  -­‐	  	   	  -­‐	  	   -­‐	   	  -­‐	  	  
k	  
	  -­‐	  	   	  3.250	  	   	  -­‐	  	   	  -­‐	  	   	  1.958	  	   	  -­‐	  	  	  -­‐	  	   	  (2.912)	   	  -­‐	  	   	  -­‐	  	   	  (3.676)	   	  -­‐	  	  
θ	  
	  -­‐	  	   	  2.135	  	   	  -­‐	  	   	  -­‐	  	   	  (4.882)	   	  -­‐	  	  	  -­‐	  	   	  (0.528)	   	  -­‐	  	   	  -­‐	  	   	  0.938	  	   	  -­‐	  	  
σ	  
	  -­‐	  	   	  22.817	  	   	  -­‐	  	   	  -­‐	  	   	  9.437	  	   	  -­‐	  	  	  -­‐	  	   	  (40.470)	   	  -­‐	  	   	  -­‐	  	   	  (15.784)	   	  -­‐	  	  
λ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  72.715	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (4.469)	   	  -­‐	  	  
μj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	  
σj	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	  
ρ	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.579	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (7.338)	   	  -­‐	  	  
1/η1	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.645	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (5.764)	   	  -­‐	  	  
1/η2	  
	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  0.567	  	   	  -­‐	  	  	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  -­‐	  	   	  (4.509)	   	  -­‐	  	  BIC	   -­‐	   2952.92	   -­‐	   -­‐	   2422.43	   -­‐	  LIK	   -­‐	   -­‐1466.38	   -­‐	   -­‐	   -­‐1187.7	   -­‐	  	   When	  applying	  the	  time	  series	  for	  the	  German	  Clean	  Spark	  Spread	  to	  the	  model	  the	  data	  set	  was	  found	  to	  exhibit	  negative	  volatility.	  Negative	  volatility	  is	  an	  attribute	   that	   could	  not	  be	  manipulated	  by	   the	  proposed	  models	  except	   the	  Mean	   Reverting	   Gaussian	   Process	   (MRGP)	   and	   its	   jump	   equivalent	   (MRGP).	  Observing	   the	   results	   from	   the	   analysis	   we	   assert	   that	   the	   Jumps	   form	   of	   the	  equation,	  demonstrates	  better	  results	  both	  in	  terms	  of	  parsimony	  (17.96%)	  and	  Likelihood	  (19%)	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5.Discussion	  and	  concluding	  Remarks	  
5.1	  Discussing	  on	  the	  empirical	  results	  	  	  	   The	  tables	  presented	  in	  the	  Chapter	  4,	  provide	  us	  a	  great	  opportunity	  for	  a	  quantitative	   evaluation	   of	   the	   performance	   of	   the	   candidate	   processes.	  	  Interpreting	  the	  observed	  values	  we	  may	  presume	  safely	  that	  the	  majority	  of	  the	  values	   from	   the	   model	   are	   statistically	   significant.	   Some	   deviations	   may	   be	  observed	   for	  some	  values	  but	   the	  prevailing	  process	  of	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRP)	  and	  (MRSRPJ)	  is	  persistent	  with	  high	  values	  of	  t-­‐statistic.	  The	   Mean	   Reverting	   Square	   Root	   Process	   over	   performs	   in	   the	   majority	   of	  routines	  exhibiting	  the	  highest	  likelihood	  value	  for	  the	  Jump	  Diffusion	  model	  of	  	  Uk	   peak	   coal	   data	   set,	   consistent	   with	   the	   better	   performance	   in	   terms	   of	  parsimony	   for	   the	   lowest	   observed	   BIC	   value.	   In	   general	   the	   Jump	   augmented	  process	   perform	   better	   than	   their	   Diffusion	   counterparts.	   This	   is	   a	   strong	  evidence	  that	  the	  Jumps	  exist	  for	  the	  structure	  of	  Clean	  Spark	  and	  Dark	  Spreads,	  and	  disregarding	  them	  when	  modeling	  the	  pricing	  trajectories	  of	   the	  electricity	  spreads,	   may	   lead	   to	   mis-­‐performing	   models.	   	   Again	   among	   the	   diffusion	  processes	  the	  mean	  reverting	  nature	  of	  the	  proposed	  stochastic	  models,	  seem	  to	  capture	   the	   price	   evolution	   of	   the	   spread	   in	   contrast	   with	   the	   proportional	  structure	  Geometric	  Brownian	  Motion	   (GBMP)	  and	   (GBMPJ)	  which	   is	  observed	  to	  exhibit	  the	  worst	  performance	  among	  the	  candidate	  processes	  both	  in	  terms	  of	   fitting	  and	  consistency.	  Returning	  to	  the	  idea	  of	   jumps,	  which	  along	  with	  the	  mean	   reversion	   has	   been	   proven	   an	   important	   feature	   of	   electricity,	   Clean	  Spreads	  the	  !	  value	   is	  observed	  from	  the	  tables	  to	  oscillate	  around	  the	  value	  of	  0.5,	   which	   indicate	   a	   proportional	   amount	   and	   size	   for	   the	   Jumps.	   Moreover,	  what	  is	  interesting	  to	  notice,	  is	  that	  the	  existence	  of	  jumps,	  increase	  the	  speed	  of	  mean	   reversion	   and	   decrease	   the	   long	   run	   volatility.	   Finally	   for	   the	   Mean	  Reverting	   Gaussian	   Process	   with	   Jumps	   (MRGPJ),	   it	   is	   observed	   a	   significant	  increase	   for	   the	  value	  of	  !,	  which	  effectively	  represent	   the	  number	  of	  observed	  Jumps	  for	  the	  sample.	  The	  high	  values	  of	  !	  for	  the	  (MRGPJ)	  can	  be	  considered	  as	  a	  deficiency	  of	  the	  process	  to	  capture	  the	  distribution	  of	  the	  jumps.	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5.2	  A	  Call	  Option	  written	  on	  the	  Uk	  Clean	  Spark	  spread	  	  Having	  identified	  the	  Mean	  Reverting	  Square	  Root	  Process	  (MRSRP)	  and	  its	   jump	  counterpart	   (MRSRPJ)	  as	   the	  most	  efficient	  model	   for	   the	  modeling	  of	  the	   dynamics	   of	   the	   Clean	   Spread	   in	   the	   majority	   of	   the	   models,	   in	   this	   sub	  chapter,	  a	  call	  option	  for	  the	  Uk	  Clean	  Spark	  Spread	  (!""	  )	  will	  be	  valuated	  using	  the	  best	  performing	  model	  according	  to	  the	  results	  presented	   in	  Chapter	  4.	  For	  the	  call	  option	  we	  used	  the	  prices	  of	  the	  UK	  Clean	  Spark	  Spread.	  This	  is	  because	  Natural	  Gas	  burning	  plants,	  usually	  support	  the	  system	  as	  marginal	  units	  during	  the	  peak	  hours.	   This	   dispatch	  pattern	   for	  marginal	   units	   to	   produce	   electricity	  when	  the	  prices	  of	  electricity	  go	  high	  due	  to	  excessive	  demand	  and	  the	  obvious	  constrains	   to	   balance	   the	   demand,	   poses	   an	   opportunity	   which	   can	   be	  incorporated	  in	  the	  form	  of	  a	  real	  option.	  Below	  three	  scenarios	  of	  a	  Call	  option	  on	  the	  Clean	  Spark	  Spread	  for	  UK	  are	  presented	  according	  to	  the	   ‘’moneyness’’.	  Figure	   ()	   illustrates	   the	   value	   of	   	   the	   Call	   	   In	   the	  Money	   (ITM)	   option.	   Figure	  depicts	   an	   At	   The	  Money	   (ATM)	   option	   and	   Figure	   ()	   presents	   an	   Out	   of	   The	  Money	  (OTM)	  option.	  Assuming	   a	   risk	   rate	   of	  ! = 5%	  and	  !""! = 8,68GBP/Btu	   we	   used	   the	  parameters	   from	  Table()	   for	  the	  UK	  Clean	  Spark	  Spread,	  plugged	  to	  the	  pricing	  formulas	   expanded	   in	  Chapter	  3.3,	  Pricing	   formulas	   for	  Electricity	  CSS	  and	  CDS.	  Therefore	  from	  the	  calculated	  values	  the	  following	  graphs	  were	  plotted	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Figure	  5	  
	  
Figure	  6	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Figure	  7	  	   Discussing	   on	   the	   figures	   above	   in	   a	   qualitatively	   manner,	   we	   observe	  major	  differences	  for	  the	  value	  of	  the	  call	  option	  when	  using	  a	  diffusion	  model,	  and	   from	   that	  with	   a	   jump	  model.	  However	   this	   behavior	   can	  be	   explained;	   In	  essence	  what	  produces	  value	  for	  an	  asset	  is	  the	  uncertainty	  for	  the	  future,	  which	  here	   is	  mirrored	   in	   the	   long	  run	  volatility.	  Conventional	  diffusion	  processes	  do	  not	   incorporate	   the	   jump	   component	   which	   in	   essence	   filters	   the	   spikes	  observed	   in	   the	  price	   trajectories	  of	   electricity,	   and	   for	   the	  diffusion	  processes	  are	  a	  source	  of	  volatility	  increase.	  In	  the	  other	  hand,	  let	  alone	  the	  price	  difference	  among	   the	   two	   processes,	   we	   observe	   that	   in	   the	   long	   run,	   the	   graph	   lines,	  exhibit	  a	   large	  plateau	  which	  can	  be	  attributed	  to	  the	  mean	  reverting	  nature	  of	  both	  of	  the	  processes	  which	  leave	  the	  fluctuating	  around	  the	  cost	  of	  production	  and	  therefore	  they	  revert	  to	  the	  long	  run	  mean.	  Observing	  the	  graphs	  for	  the	  different	  moneynes	  level	  we	  observe	  that	  in	  short	  times	  of	  maturity	  the	  call	  option	  receives	  its	  higher	  value	  and	  commenting	  on	  the	  (ITM)	  option	  graph,	   it	   is	  very	  possible	   that	  we	  observe	  on	  time  ! = 0	  an	  opportunity	  which	   in	   the	   time	  we	   observe	   has	   a	   value	  which	   is	   effectively	   the	  added	  value	  of	  the	  real	  option.	  However	  this	  option	  seems	  to	  have	  a	  value	  when	  exercised	   in	   a	   short	   time	   interval.	   All	  moneyness	   patterns	   seem	   to	   exhibit	   the	  same	  behavior	  for	  the	  intrinsic	  value	  of	  the	  real	  option.	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6.Appendix	  	  
6.1	  The	  non	  Central	  Chi-­‐Square	  Distribution	  	   Mean	   Reverting	   Square	   Process	   follows	   a	   Chi-­‐Square	   distribution.	   The	  probability	  density	  function	  at	  time	  t	  which	  is	  conditional	  to	  the	  current	  time	  t=0	  is	  given	  by	  	   !! 2!!!; 2! + 2,2! = !!!!!! !! !! !! 2 !" !! 	   Α.1	  	   where	  	   ! = 2!!! 1− !!!! ,	   Α.2	  	  	  	   ! = !!!!!!! ,	   Α.3	  	  	   ! = !!! ,	   Α.4	  	  	   ! = 2!"!! − 1	   Α.5	  and	  
	   !!   ! = 12 ! ! !!4
!
!!! ! + ! + 1!!!! 	   Α.6	  	  	  Where	  the	  above	  formula	  is	  the	  modified	  Bessel	  function	  of	  the	  first	  order	  !	  and	  !	  is	  the	  gamma	  function.	  	  
6.2	  Poisson	  Distribution	  
	   When	  necessary	  to	  approximate	  a	  model	   that	  exhibits	   jumps	   in	   its	  price	  trajectories,	   the	  traditional	  continuous	  time	  versions	  of	  the	  normal	  distribution	  may	  not	  apply	  and	  we	  may	  evoke	  the	  Poisson	  distribution.	  For	  that	  we	  assume	  that	   independent,	   erratic	   jumps,	   of	   the	   same	   size	   may	   occur	   at	   time	  !!  	  where	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! = 1,2,….	   The	   total	   number	   of	   jumps	   realized	   up	   to	   time	  !	  is	   called	   Poisson	  counting	   process	   and	   it	   is	   denoted	   by	   N.	   During	   a	   minor	   interval	  ∆ 	  the	  probability	  of	  observing	  a	  jump	  for	  a	  Poisson	  process	  is	  given	  by	  ().	  	  	   ! ∆!! = 1 ≅ !∆	   Α.7	  	   Where	  λ	  denotes	  a	  positive	  constant	  and	  it	  is	  regarded	  as	  the	  intensity.	  In	  contrast	   with	   the	   normal	   distribution,	   in	   Poisson	   distribution	   there	   is	   a	   small	  probability	  for	  a	  jump	  to	  occur.	  Thus	  it	  is	  anticipated	  that	  in	  a	  Poisson	  process	  a	  continuous	  path	  will	  be	  interrupted	  by	  sporadic	  jumps.	  The	  probability	  for	  those	  jumps	   to	   occur	   in	   a	   finite	   time	   interval	   is	   given	   by	   the	   formula(A.8)	   for	   the	  corresponding	  distribution	  where	  !	  is	  the	  rate	  of	  occurrence	  of	  events.	  	  	   ! ∆!! = ! = !!!∆ !∆ !!! 	   Α.8	  	   Extending	  the	  concept	  of	  Poisson	  distribution	  adjusted	  to	  the	  rare	  events	  of	   jumps	   in	   the	  designated	   time	  series	  during	  !"	  the	  process	  should	  be	  defined	  as().	  	   !! = !! − !"	   Α.9	  	  	   !!! 1  !"#ℎ  !"#$%$&'&()  !!"                  0    !"#ℎ  !"#$%$&'&()  1− !"#	   Α.10	  	  	  
6.3	  Wiener	  Process	  	  A	  structural	  component	  for	  the	  selected	  model	  is	  the	  use	  of	  the	  Wiener	  process	  	  	   ! !! −!! ! = ! − !, ! ≤ !	   Α.11	  	  	   The	   process	   possesses	   the	   following	   properties:	  !! 	  has	   uncorrelated	  increments,	  has	  a	  zero	  mean,	  has	  a	  variance	  of	  !	  and	  it	  is	  continuous	  over	  time	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